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ABSTRACT 
Crops, Canopies and Waiting for Rain 
Water for Small-Plot Agricultural Production in the Tropics 
 
Benjamin D. Clark 
 
Water will become increasingly scarce in the 21st century. Agriculture dominates 
anthropogenic water use and accounts for about 70% of water withdrawals globally. Unique 
challenges face tropical small-plot agricultural water management that differs from region to 
region. This dissertation examines two challenges facing tropical small-plot agriculture. Chapter 
2 uses an experimental trial in Western Tanzania to create a unique longitudinal dataset of crop 
water stress measured over the growing season. The trial tests the effect of seed variety and 
fertilizer treatment on crop water stress over the growing season and during dry spells. Results 
demonstrate that hybrid varieties yield significantly more than the locally adapted traditional 
variety because they are better able to access nutrients and have better stomatal regulation over 
dry spells. Chapters 3 and 4 shift the focus to India.  Chapter 3 characterizes the inter-annual 
dynamics of anthropogenic water stress across the Central Indian Highlands (CIH), while 
Chapter 4 examines the hydrological impacts of increasing forest cover on regional water supply 
and its implications for sustainable irrigation as well as food production. Within Chapter 3, I use 
extensive data sourced from the Indian government to spatially characterize water demand over 
the past decade by spatially mapping multiple waves of the Minor Irrigation Scheme Census and 
Livestock Census collected at the household level, along with monthly power generation 
datasets.  The patio-temporal water demand data is coupled with remotely sensed precipitation 
and evapotranspiration data to force a customized Sacramento Soil Moisture Accounting Model 
that computes water supply. Finally, I developed a Groundwater Supply Stress Index to account 
  
for the impact of irrigation groundwater withdrawals over the course of the year. Chapter 3 finds 
that 70% of CIH is water-stressed during some portion of the year and that irrigation makes up 
approximately 95% of anthropogenic water withdrawals. Chapter 4 extends the findings of 
chapter 3 in utilizing the infiltration-evapotranspiration trade-off hypothesis to understand the 
impact of converting croplands to forest on groundwater recharge within the CIH. In this 
Chapter, I collected and analyzed field data on field-saturated hydraulic conductivity to find that 
forested land has significantly higher infiltration rates than croplands. These finding are then 
included in a Spatial Processes in Hydrology model to simulate intra-annual hydrological 
dynamics of current forest cover versus a forest cover increased to 30% within the river basins of 
the CIH. Increased forest cover is one of India’s Nationally Determined Commitments at COP21 
within the Mission to Green India with a stated aim of improving landscape hydrological 
functioning. I demonstrate that forest cover increase has the potential to increase groundwater 
recharge, which could be used to irrigate a second growing season and help offset the loss of 
cropland through conversion to forest. Collectively, these three chapters harness multiple sources 
of data and leverage a wide array of innovative methods at multiple scales to shed light on 
important water management issues faced by small-plot agriculture in the tropics and on 
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CHAPTER 1: INTRODUCTION 
 
Water is central to agricultural production. Globally, agriculture uses over two thirds (70-
72%) of the total water withdrawals from surface and groundwater (Molden, 2007; Wisser et al., 
2008).  On average, 1 kg of grain evapotranspires about 1,000 liters of water, with estimates 
varying from 400 to over 5,000 kg1 of grain depending on factors including climate and 
cultivation practices (Mukherji, Facon, Fraiture, Molden, & Chartres, 2012). Shortages of water 
can have a major effect on food production. Fleiner et al (2013) argue that strategies for 
addressing water constraints in agriculture are critical given that food production needs to 
increase by an estimated 50% by 2050 to meet the needs of growing populations and changing 
consumer preferences that have driven up the demand for more water-intensive crops (Molden, 
2007). Based on current practices, this implies almost a doubling of water use by agriculture 
worldwide (Fleiner, Fleiner, Grace, Pert, & Bindraban, 2013) However, water resources have 
been stretched to a breaking point in important food-producing regions, for instance the rapidly 
declining and severely depleted ground water reserves in rice and wheat cropping regions of 
China, India and even the United States (Giordano, 2007; Shah, 2009). Forecasts of food 
insecurity in developing nations have an especially gloomy outlook due to the increasing trends 
of rainfall variability and constraints on irrigation potential within cultivable lands (You et al., 
2011).  
Water scarcity and food insecurity concerns are increasingly prompting ecologists and 
agricultural scientists to explore strategies of optimizing water use in agro-ecosystems, especially 
in developing countries. Within this context, understanding water resource management for 
small-plot agriculture is key for sustainable food production given that small-scale agriculture 
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contributes significantly to food production and rural livelihoods in developing nations. 
Worldwide, farms of less than 5-hectare account for 92 percent of all farms (FAO). Small-plot 
farms are particularly concentrated in the tropical low and middle-income countries where they 
account for a large share of the food production. Yield gaps in these regions, particularly Asia 
and Sub-Saharan Africa (SSA), remain substantial (Rockström et al., 2010; Smale, Byerlee, & 
Jayne).For instance, in East Africa, maize yield is 1.7 t ha-1 compared to the world average of 4.9 
t ha-1  (FAOSTATA; Food & Agriculture Organization of the United, 1998). Even in a middle-
income country like India that has undergone the green revolution, the average rice yield is 2.89 t 
ha-1  compared to the world average of 3.91 t ha-1 (Bouman, Humphreys, Tuong, & Barker, 
2007).   
To overcome yield gaps and address the related challenge of food production in the 
future, intensification of small-plot agriculture is critical. However, the prevailing barriers to 
intensification in tropical low and middle-income countries vary considerably, and by extension 
so do the strategies to address these constraints. In most SSA countries, land is plentiful but 
characterized by minimal use of agricultural inputs, underdeveloped mechanisms for irrigation 
and high reliance on rainfed crops, especially for small-plot farmers. In much of Asia, significant 
portions of available land have been converted to agriculture. Agricultural land is intensively 
utilized with considerable irrigation, and the challenge is to make agricultural productivity 
sustainable as well as increase the viability of annual multi-cropping systems. Under these two 
scenarios respectively, two key aspects of water resource management become important—one, 
how to respond to the impact of water stress on agricultural productivity when rainfall is highly 
unpredictable, i.e. in the case of rainfed agriculture? Two, how to ensure spatial and temporal 
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availability of water resources for sustainable agricultural production in multiple-cropping 
systems that depend on irrigation?  
Rainfed agriculture is dominant in SSA and subject to highly variable rainfall with 
variable onset of the rainy seasons and high probabilities of agriculturally significant dry spells.  
In Northern Tanzania, Fischer et al. (2013) find that agriculturally significant dry spells are in the 
range from 8 days to 17 days depending on soil characteristics and atmospheric demand for 
water, with critical dry spells occurring up to 90% of the growing seasons depending on the 
locality (Fischer, Mul, & Savenije, 2013). Such dry spells can have a large impact on crop yields 
in the context of underdeveloped irrigation systems (Froidurot & Diedhiou, 2017; Mupangwa, 
Walker, & Twomlow, 2011; Ngetich et al., 2014; G. Yengoh, F. Armah, E. Onumah, & J. Odoi, 
2010). Similar trends signaling high probability of long dry spells during crucial points in the 
crop growth cycle have been noted in Ghana, Kenya, Zimbabwe and South Africa with clear 
evidence of negative impacts on agricultural production (Kisaka et al., 2016; Masupha, Moeletsi, 
& Tsubo, 2016; Mupangwa et al., 2011; G. Yengoh et al., 2010). For instance, in Yengoh’s 
(2010) research in Ghana found 15-day dry spells with a 50% chance of occurrence during the 
early part of the growing season and a 75% chance of yield reductions due to dry spells.  
Multi-cropping systems in South Asia are made possible by significant investments in 
irrigation systems. The region boasts of one of the highest rates of irrigated agriculture globally 
with approximately 40% of the cultivated area estimated to be under irrigation (Hasanain, 
Ahmad, Mehmood, Majeed, & Zinabou, 2013). While increased irrigation has been instrumental 
for increasing food production, it has also taxed water resources further with agriculture 
dominating fresh-water withdrawals. Understanding the dynamics of water stress in South Asia 
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across all water demand sectors is crucial for future water resource management, identification of 
investments needed to ensure food and water security, and sustainable agricultural production.  
At the same time, efforts must be made to address overall water stress across the 
landscape, spatially and temporally. Land use and land cover along with soil type have a direct 
impact on the hydrologic function of a landscape. Developing a better understanding of how land 
cover transitions would impact not only the hydrological cycle but also irrigation potential and 
consequently food production is important from both water availability and food production 
standpoints. Agricultural land typically increases runoff whereas forest has high rates of 
evapotranspiration. Compared to other land cover types, forests tend to have the lowest annual 
water yields (Bosch & Hewlett, 1982; A. Brown, Zhang, McMahon, Western, & Vertessy, 
2005), though they play an important role in maintaining baseflows in rivers throughout the dry 
periods of the year. Forests are potentially the most important land cover for infiltration and 
recharge of groundwater and could be leveraged to maintain water quality through their control 
on groundwater recharge as well as to reduce floods (Bruijnzeel, 2004; Roa-García, 2011). In the 
tropics, this duality of forest is captured in the “infiltration-evapotranspiration trade-off” 
hypothesis, which suggests the importance of forests in maintaining low flow throughout the dry 
periods of the year, while also having greater water demand than other land cover types (J  
Krishnaswamy, 2012; J. Krishnaswamy et al., 2013). Maintaining healthy forest cover across the 
landscape may be important and cost effective for securing water supply for anthropogenic use. 
This dissertation examines the challenges of water resource management in the context of 
two agricultural systems within small-plot agriculture, namely rainfed versus irrigated multi-
cropping systems. With respect to rainfed agriculture and productivity impact, the dissertation 
focusses on Tanzania where precipitation is unpredictable throughout the growing season and 
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rainfed crops are the dominant form of small-plot agriculture. For water resource management in 
multi-cropping systems, the dissertation turns to India where rainfall is more consistent and 
significant amounts of croplands are irrigated to extend food production to two cropping seasons, 
leading to increased water stress across the landscape.  
Chapter 2 examines how fertilizers and varieties impact crop water stress under 
conditions of unpredictable dry spells in rainfed small plot agriculture in Tanzania. The research 
site is located in the villages of Mbola and Mpenge, which are approximately 20 km east of 
Tabora in the western part of Tanzania. The area is dominated by small plot agriculture and 
receives average annual rainfall of 928 mm with a unimodal distribution (Nziguheba et al., 
2010). The Tabora area is water-limited with actual evapotranspiration exceeding potential 
evapotranspiration in the later part of the growing season and dry season. Rainfall is 
unpredictable, with the probability of receiving rain on any given day never exceeding 15%. The 
probability of experiencing a dry spell of 5 days during the growing season is 25% with eight, 
nine and ten-day dry spells having a 16%, 10% and 6% chance of occurrence. Long dry spells of 
eleven to nineteen days all have a 5% chance of happening over the growing season. The 
dominance of rainfed small plot agriculture, coupled with unpredictable rainfall patterns make 
this an ideal area to examine how investments in better seed or fertilizer inputs impact the risk of 
maize crop failure in these conditions.  
Chapter 3 and 4 shift the focus to the Indian context. Chapter 3 characterizes the inter-
annual dynamics of anthropogenic water stress across the Central Indian Highlands (CIH), while 
Chapter 4 examines the hydrological impacts of increasing forest cover on regional water supply 
and its implications for sustainable irrigation as well as food production. India faces a grim 
outlook on food and water security, alongside a rapidly urbanizing and growing population that 
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is projected to reach over 1.5 billion by 2050 (FAOSTATA; Food & Agriculture Organization of 
the United, 1998). The UN estimates that the largest share of world’s food insecure population 
lives in India. While increased irrigation has been a major factor in improving crop yields and 
allowing multiple crops annually, it has also contributed to India’s current groundwater crisis. 
Almost 30% of India’s groundwater assessment blocks (geographical unit of analysis used by the 
Central Ground Water Board of India (CGWBI)) are classified as semi-critical, critical or over-
exploited (CGWBI 2011). At the same time, the dietary transition of India’s growing urban 
population and expanding middle class is increasing demand for animal products, fruits and 
vegetables, all of which require higher utilization of water for their production (Misra et al., 
2011). The study area encompasses much of the Central Highlands agro-ecological zone as 
defined by the National Bureau of Soil Survey & Land Use Planning (NBSS & LUP), based on 
the 1992 definition (Mandal, Mandal, & Singh, 2015) and referred to as the Central Indian 
Highlands. CIH is also one of the few remaining forested areas in the country with the potential 
for reforestation and afforestation and has rapidly increased its agricultural production and 
groundwater abstraction since the turn of the century. It holds the headwaters for five major 
rivers, including the Ganga, Narmada, Tapi, Godavari, and Mahanadi rivers across the states of 
Madhya Pradesh, Chhattisgarh, Maharashtra.  
In this dissertation, I have used a wide variety of innovative data sources and methods to 
address the dissertation aims, along with extensive fieldwork and utilization of large secondary 
datasets in varying data formats, including remote sensed datasets, large household census 
datasets, GIS, longitudinal and primary field data. To answer the question in Chapter two, I 
conducted intensive fieldwork over two growing seasons to collect a novel dataset of daily 
measurements of florescence, spectral signatures, and physiological data on a maize trial in 
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small-plot fields in rural Western Tanzania.  For Chapter three, I combined several waves of very 
large household level census datasets on animal ownership and minor irrigation schemes in India 
with GIS data to construct time series maps of water use to characterize anthropogenic water 
demand at the landscape scale. The water demand data was then combined with a soil moisture 
and routing model, which I developed to better account for groundwater abstraction to compute 
monthly time series of water stress across the Central Indian Highlands. For Chapter four, I 
conducted extensive fieldwork to build a database of land cover infiltration rates, which was 
subsequently integrated into the hydrological modeling to better represent the differences 
between forest and agriculture land cover. I also made innovative modifications to the Spatial 
Processes in Hydrology (SPHY) model to better represent paddy agriculture and developed 
methods to automate the parameterization of the model with Particle Swarm Optimization. In 
each case the approach used has extended current methods and made innovative use of big data 
to better address the aim of my dissertation.  The collective results, presented in Chapters 2, 3 
and 4, demonstrate the use of several innovative approaches and methods at multiple scales to 
better understand agricultural water resource management across two continents within the 





CHAPTER 2: MAIZE VARIETIES AND FERTILIZER EFFECTS ON 
WATER STRESS OVER DRY SPELLS 
Benjamin D. Clark and Cheryl Palm  
Abstract  
Small-plot farmers in Sub-Saharan Africa face increased climate uncertainty with unpredictable 
rainfall and prolonged dry spells. Water stress can substantially reduce crop yields or result in a 
total crop loss.  Commercial seed and fertilizers represent a substantial financial investment for 
most small-plot farmers. When rainfall is unpredictable, the investment in commercial seed and 
fertilizer is at risk. The question we seek to answer is whether maize variety and fertilizer 
treatment affect the crop’s experience of water stress over dry spells and throughout the growing 
season. To answer this question, we conducted a variety and fertilizer trial on six small-holder 
fields in western Tanzania during the 2016-17 growing season. A traditional locally adapted 
variety named Katumbili was tested against a commercial hybrid DK9089 produced by 
Monsanto. Three fertilizer treatments were tested – nitrogen (N) only, nitrogen plus phosphorus 
(P), and N plus P plus potassium and sulfur.  These treatments represent a gradient, namely, the 
minimal application used by small-plot farmers, the recommended application, and an 
application containing micronutrients and sulfur which is thought to be a locally limiting 
nutrient. Four measures were used to quantify water stress: yield of photosystem II, stomatal 
conductance, photochemical reflectance index, and soil moisture. The hybrid yielded 
significantly more than the traditional variety.  There were varietal differences in crop water. The 
commercial hybrid shows greater stomatal regulation over the growing season with lower values 
during dry periods and higher values during wet periods than the traditional variety. The analyses 
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demonstrate that investing in commercial hybrid seed improves yields in the face of 
unpredictable rainfall and dry spells whereas fertilizer helps but to a much lesser extent. 
Introduction 
 Utilization of agricultural inputs remains low across much of sub-Saharan Africa (SSA) 
(Sheahan & Barrett, 2017).  Consequently, so does much of the agricultural production, resulting 
in a large number of food insecure households within the region (Meade & Thome, 2017).  Many 
national governments have attempted to address low production and underutilization of 
agricultural inputs through input subsidy programs, but with limited success (Thomas  Jayne, 
Mason, Burke, & Ariga, 2018). Most of these programs focus more on distributing fertilizer with 
less emphasis on distributing improved or hybrid seed (Adjognon, Liverpool-Tasie, & Reardon, 
2017; Thomas  Jayne et al., 2018). Many reasons have been put forward for why agricultural 
input use remains low in SSA, including high fertilizer prices, unreliable quality of input, high 
transport costs, lack of credit, poorly developed markets, lack of research and development, and 
poor crop response to fertilizer, to name a few (Adjognon et al., 2017; Andre, Mulat, & M., 
2003; Thomas Jayne, Snapp, Mhango, Benson, & Ricker-Gilbert, 2014; Kihara et al., 2016; 
Larson, Donald, & Daniel, 2010). A less cited reason may be the variable and unpredictable 
rainfall upon which much of the region relies for crop production (Kisaka et al., 2015; Langat, 
Kumar, & Koech, 2017; Recha et al., 2012). For many small-plot farmers, purchasing inputs at 
any price represents a large financial investment, which is put at risk due to the unpredictable 
distribution of rains over the growing season — knowing how fertilizer and seed quality 
influence the ability of crops to tolerate dry spells and water stress can support small-plot farmer 
decisions concerning investment in inputs. Additionally, having a better understanding of the 
impacts of seed varieties and fertilizer on crop water stress within the context of smallholder 
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plots may also help in developing better approaches to increase production of rain-dependent 
agriculture systems within SSA.  
Recent evidence suggests fertilizer use is up from 13 kg of inorganic fertilizer per hectare 
of cultivated land (Minot & Benson, 2009)  to approximately 57 kg ha-1 based on the recent 
Living Standards Measurement Study (LSMS-ISA) data for six SSA nations (Sheahan & Barrett, 
2017). Nonetheless, fertilizer use in SSA is still well below the world average of 137.6 kg ha-1  
(The World Bank, 2015). Additionally, Sheahan and Barrett (2017) find that only 35% of 
households use inorganic fertilizer and the use of improved seed varieties is only about half the 
number of households that use inorganic fertilizer. There is a greater variability concerning 
maize production, where purchased seed inputs range between 20% to 40% of maize cultivating 
households depending on the SSA country. There is also a high likelihood of maize producing 
households using inorganic fertilizer with synergistic benefits (Nyangena & Juma, 2014; 
Sheahan & Barrett, 2017). However, maize production is still primarily dependent upon seasonal 
rains, with Rosegrant et al. (2009) finding that irrigated cropland only accounts for 3.5% of SSA 
agricultural land. Unpredictable rainfall can present an especially high risk for farmers’ 
investments in better seeds and fertilizer where agriculture is rain dependent.  
In SSA, rainfed agriculture is subject to highly variable rainfall with the unpredictable 
onset of the rainy seasons and high probabilities of agriculturally significant dry spells.  
Agriculturally significant dry spells range from 8 days to 17 days depending on soil 
characteristics and atmospheric demand for water (Fischer et al., 2013). Dry spells are pervasive 
throughout SSA and can have a large impact on crop yields ((Froidurot & Diedhiou, 2017; 
Mupangwa et al., 2011; Ngetich et al., 2014; G. Yengoh et al., 2010). Fischer et al. (2013) find 
that critical dry spells occur in up to 90% of the growing seasons and are highly variable over 
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short distances for a watershed in Northern Tanzania. Likewise, Yengoh (2010) finds similar 
results in Ghana with a 50% chance of occurrence for 15-day dry spells during the early part of 
the growing season and a 75% chance of yield reductions due to dry spells. Kisaka et al. (2016) 
find that probabilities of 15-day dry spells across several sites in Kenya range from 0.55 to 0.8. 
Dry spells are similar in southern Africa where Mupangwa et al. (2011) and Masupha et al. 
(2016) find high probabilities of dry spells that negatively impact agricultural production in 
Zimbabwe and South Africa respectively. With rainfall being the primary determinant of small-
plot farmer success within SSA, the potential to increase agricultural production through 
increased use of inputs depends crucially on the impact of those inputs on crop water stress over 
dry spells. 
Against this backdrop, this study explores how maize varieties and fertilizer nutrients 
influence crop water stress on small-plot farms in Western Tanzania. We seek to elucidate 
whether these seed and fertilizer investments reduce the risk of crop failure or yield reductions 
by examining the effects of maize variety and fertilizer treatment on crop water stress over dry 
spells and through the growing season. To this end, we conducted an experimental trial on six 
small-plot farm fields using a traditional locally-adapted seed variety and a commercial hybrid 
variety with three different fertilizer treatments over the 2016-17 growing season. The fertilizer 
treatments represented (a) the minimal practice used by small-plot farmers of only applying urea 
(N80), (b) the recommended application of diammonium phosphate and urea (N80 P50), and (c) 
a treatment containing nitrogen, potassium and phosphorus, micro-nutrients and sulfur (N80 P50 
K5 S20). Sulfur is thought to be locally limiting. This design was intended to elucidate whether 
the addition of micronutrients and sulfur would reduce the crops water stress. In this study, we 
chose to use actual small-plot farm fields since experimental plots are known to poorly represent 
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on-farm conditions in SSA (Thomas Jayne et al., 2014). Four measures were used to assess the 
water stress of the crops: soil moisture; stomatal conductance; the fluorescence measure (Yield 
of PSII [Y(II)]); and the spectral index [photochemical reflective index (PRI)]. Crop water stress 
was assessed over the growing season and dry spells to better understand the benefits of 
agricultural inputs in the face of climate variability.   
Material and Methods 
Study Area 
The field trial was conducted at the Tanzanian Mbola Millennium Village Project study 
area in the villages of Mbola and Mpenge. The two villages are located approximately 20 km 
east of Tabora in the western part of Tanzania. Annual rainfall averages 928 mm with a 
unimodal distribution (Nziguheba et al., 2010). The growing season is from November to April 
with a mean annual temperature of 23o C.  The Tabora area is water-limited with actual 
evapotranspiration exceeding potential evapotranspiration in the later part of the growing season 
and dry season. Rainfall is unpredictable, with the probability of receiving rain on any given day 
never exceeding 15%. The probability of experiencing a dry spell of five days during the 
growing season is 25% with eight, nine and 10-day dry spells having a 16%, 10%, and 6% 
chance of occurrence respectively (Figure 1). Longer dry spells of 11 to 19 days all have a 5% 
chance of happening over the growing season (Figure 1). Dry spells tend to occur early in the 
growing season and during the late January early February period with a declining probability 
during March (Figure 2). The soils in the area are alfisols with approximately 9% clay in the 




The experimental design entailed conducting a two-factor trial (maize variety and 
fertilizer treatment) during the 2016-17 growing season. The trial was carried out on six 
smallholder farm fields, three in Mpenge village and three in Mbola village. The farm fields 
were selected based on farmers who used very little to no fertilizer, typically planted traditional 
varieties, and were willing to participate in the research. Soil samples taken from each field at the 
start of the trial were used to control for physical and chemical differences between the fields 
during analysis. Laboratory analysis of the soil samples was conducted at Sokoine University of 
Agriculture.  The fields in the two villages were comparable for both physical and chemical 
composition range of soil texture from sandy clay loams to sandy loams (Table 1).  The maize 
variety factor in the trial compared a traditional open-pollinated variety, Katumbili, with a 
locally available commercial hybrid variety, Monsanto Dekalb 9089 (DKS9089).  DKS9089 
matures in 115 to 120 days with a potential yield up to 10 MT ha-1 and has good disease 
tolerance. Katumbili has a similar maturity but unknown yield potential. Germination viability 
for both maize varieties was >95%. The fertilizer factor in the trial tested three different 
treatments of fertilizer, with successive addition of nutrients: (1) 80 kg ha-1 of nitrogen (N), (2) 
same as level one plus 50 kg ha-1 of phosphorus (P), and (3) same as level 2 plus 50 kg ha-1 of 
potassium (K) and 20 kg ha-1 of sulfur (S). Local practices and recommendations formed the 
basis for the fertilizer treatment levels. The level one fertilizer treatment (N only) represented the 
common practice among farmers while level two represented the recommended practice. The 
third fertilizer level included S and K, with S thought to be a limiting nutrient within the study 
area. The fertilizer used was Yara brand fertilizer which was locally available. To create the 
different nutrient combinations, four types of fertilizer were used, urea (46% N), Di-Ammonium 
14 
 
Phosphate (18% N, 40% P), YaraVera AMIDAS (40% N, 5.5% S), Yara Tobacco (10% N, 18% 
P, 24% K) and YaraMila CEREAL (25% N, 10% P, 5% K). Fertilizer was applied twice over the 
growing season, after germination and when the plants were knee high. The basal dressing 
application contained 23 kg N (all levels) and 50 kg of P (level 2 & 3) and 50 kg K (level 3) and 
14 kg S (level 3). The top-dressing application contained 57 kg N (all levels) and 6kg S (level 3).  
The trial was laid out by splitting each field into three replicates with six treatment plots 
each. Each field had a minimum of two guard rows on either side of the trial plots. The trial plots 
consisted of three rows, spaced 90cm apart, and running the length of the fields. The plots within 
each replicate were randomly assigned one of the six variety and fertilizer treatments. Field 
preparation for planting entailed creating ridges spaced 90cm apart running the length of the 
field. The maize varieties were planted at a spacing of 25cm for an approximate plant population 
of 45,000 per hectare. The maize varieties were planted on December 12th, 2016, gap filling took 
place on December 22nd, 2016 and the first fertilizer application was carried out on December 
29th, 2016. The second fertilizer application was carried out on January 17th, 2017. Harvest for 
the traditional variety Katumbili was on April 6th, 2017 and May 3rd, 2017 for hybrid DKC9089.   
Meteorological Data 
Meteorological data was collected to track rainfall and dry spell patterns at each of the six 
fields where the trial was grown. Rainfall was measured using manual rain gauges. Air 
temperature, relative humidity, and light sensors were installed at each field with data logged 
every hour. The manual rain gauges were read daily starting on November 28th, 2016 and ending 
on May 14th, 2017. 
The first rains of the season fell on 3rd December 2016. A “rainfall event” was defined as 
greater than two millimeters rain within 24 hours. Planting took place after the first rainfall 
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event, which ranged from 9 mm to 13 mm depending on the field. While the maize was growing, 
there were 35 to 40 rainfall events adding up to a season total rainfall of between 560 mm to 611 
mm depending on the field. During the data collection period there were four dry spells lasting 
more than ten days in Mbola and five in Mpenge and between seven and nine dry spells lasting 
more than five days depending on the field.   
Crop Water Stress Data 
Data for the trial was collected on three randomly selected plants from the center row of each 
plot (n=324). Daily measures of the yield of PS II [Y(II)] were collected from the topmost leaf of 
each of the three plants with an Opti-Sciences OSp1 fluorometer equipped with a PAR clip. 
Stomatal conductance was collected daily from only the central selected plant within each plot 
for logistical reasons (n=108) using a Decagon SC-1 Leaf Porometer.  Daily measurements of 
instantaneous soil moisture were collected using a Decagon HC10 probe inserted 10cm into the 
soil at the top and bottom of the soil ridge adjacent to each of the three selected plants within the 
plot. Leaf spectra were also collected daily using a micro-spectrometer (Hamamatsu 
C12666MA). The leaf spectra were used to compute the photochemical reflective index (PRI) 
(Gamon, Peñuelas, & Field, 1992 ), which has been shown to be sensitive to crop water stress 
(Panigada et al., 2014; Suárez, Zarco-Tejada, Berni, González-Dugo, & Fereres, 2009; Sun et al., 
2014; Thenot, Méthy, & Winkel, 2002; Zarco-Tejada, González-Dugo, & Berni, 2012; Zarco-
Tejada et al., 2013). The chlorophyll content of the bottom, middle, and top leaf were collected 
weekly from each plot on a rotating basis, such that one plot from each replicate was measured 
each day.   
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Yield and Above-Ground Biomass Data  
Yield and above-ground biomass data was collected at the end of the trial. Yield data was 
collected for the three selected plants in each plot and from the 3-meters by 1.8-meter quadrants 
immediately surrounding on the selected plants. The harvested area represented between 14% to 
33% of the plot area depending on the field. The above-ground portion (grain and stover) of the 
selected plant and all the plants in the quadrant were weighed at the time of harvest. A sample of 
the plant material (grain and stover) was collected and dried at 80° C in the laboratory to obtain 
the dry weight of the grain and above-ground biomass for both the selected plants and quadrants. 
Modeling and Analysis 
The resulting data from the field trial were organized into an SQL Server database and 
analyzed using Microsoft R Open 3.3.2 (R Core Team, 2018). Nested linear mix-effect models 
were used to elicit the differences between the varieties, fertilizer treatments and time. The 
models for the crop water stress measures were developed using the lme package in R (Pinheiro, 
Bates, DebRoy, Sarkar, & R Core Team, 2018). The yield and above-ground biomass models 
were developed using the lmer package (Bates, Maechler, Bolker, & Walker, 2015). The lsmean 
package for R (Version 2.25.1;(Lenth, 2016) was used to test for significant differences between 
the variety, fertilizer treatments, and time components. The R package ggeffects was used to 
compute and plot marginal effects of the interaction terms for the yield and biomass models 
(Lüdecke, 2018). 
Two different analyses were conducted for each of the four measures used to explore the 
maize variety and fertilizer treatment response to rainfall patterns and crop water stress. The first 
analysis examined differences in variety and fertilizer treatment over the growing season. 
Variables for the growing season were constructed by averaging the individual plant 
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measurements and covariates (temperature, relative humidity, irradiance, etc.) for each week of 
the growing season. The weekly total rainfall and the maximum number of continuously dry 
days were also computed for each week. The maximum number of dry days variable would 
exceed one week if the previous week(s) were continuously dry. Random variables were used to 
account for the nested design of the trial, nesting the plant within the plot within the replicate 
within the field. An autoregressive lag-one correlation structure from the car R package (Fox & 
Weisberg, 2011) was used to control for the autocorrelation present in the growing weeks 
variable. Additional covariates were used to control the differences in ambient growing 
conditions present at the time of day the plants were measured. These included air temperature, 
leaf temperature, relative humidity, and irradiance. The irradiance sensors had peak sensitivities 
at 680 nm and 820 nm. Tables two through eleven list the covariates used in each model. 
The second analysis examined the differences between varieties and fertilizer treatments 
over dry spells (cumulative dry days after a rainfall event). A variable representing the number of 
days since a rainfall event of more than two millimeters was constructed to assess the impact of 
dry spells. Covariates for the ambient growing conditions were like those of the growing season 
models, though not aggregated. The ambient growing condition covariates were included in the 
models to control for other differences between days besides the increase in crop water stress 
resulting from the length of the dry spell.  
In addition to analyzing differences in crop water stress measurements between varieties 
and fertilizer treatments, two-way analysis of variance was conducted for yield and above-
ground biomass. The model for yield included an interaction between soil pH in H2O and 
variety. Similarly, the model for above-ground biomass included an interaction between the 
percent clay in the field and variety. The measured chlorophyll index did not vary over the 
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growing season or through dry spells, and consequently, a two-way analysis of variance was 
carried out on the average chlorophyll index for each plant over the growing season. 
Results 
Yield 
The two-way analysis variance of yield shows that there are significant main effects for 
variety, fertilizer treatments, and variety interacting with soil pH.  The F ratio for variety is 
F(1,90)=16.59=p<0.0001, and for the interaction with soil pH F(1,90) = 9.52, p<0.0027, while 
for fertilizer the F ratio is F(2,90)=5.39, p<0.0061 (Table 2). Variety had the largest impact on 
yield with the hybrid variety yielding an additional 2044.35 kg ha-1 over the traditional variety. 
DKS9089 yielded on average 2999.89 kg ha-1, 95% CI[2434.30-3696.90], while Katumbili 
yielded 955.54 kg ha-1, CI[775.38-1177.56]. The fertilizer treatments had expected results with 
each additional nutrient adding to the yield. Significance tests between the least means yields 
with p-value adjusted using the Tukey method showed that the varieties are significantly 
different, but the fertilizer treatments within the variety are not (Figure 3) There are significant 
differences between fertilizer treatments when averaged over variety, with N80 P50 K50 S20 
significantly better than the other two treatments (Figure 4). On average, N80 yielded 1540 kg 
ha-1, 95% CI[1234.92-1922.30], N80 P50 yielded 1552.26 kg ha-1, 95% CI[1244.15-1936.66] 
and N80 P50 K50 S20 yielding 2029.27 kg ha-1, 95% CI[1626-2531.80].  The hybrid also 
responded to the fertilizer treatment better than the Katumbili. DKS9089 yields 865 kg ha-1 
more with the N80 P50 K50 S20 fertilizer application over the N80 fertilizer application whereas 
Katumbili only added another 275 kg ha-1. The difference between N80 and N80 P50 for both 
varieties was quite small, 20 kg ha-1 for DKS9089 and 6 kg ha-1 for Katumbili. Supplements 1 
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and 2 in appendix 2 contains the interaction plots of variety and soil pH. The interaction between 
variety and soil pH results in an increase in yield with increasing pH. 
Above-Ground Biomass  
 For biomass, the two-way analysis of variance has significant main effects for fertilizer 
and interactions between variety and clay percent in the soil. The F ratio for the fertilizer 
treatments are F(2,90) = 7.27, p<0.0012. The variety interaction with percent clay yielded an F 
ratio of F(1,90)=14.17, p<0.0003 (Table 3). The differences between the treatments are like the 
yield, with large differences between the varieties and smaller differences between the fertilizer 
treatments. On average, DKS9089 had 4287.85 kg ha-1 more above-ground biomass than 
Katumbili. DKS9089 averaged 6860.89 kg ha-1, 95% CI[6044.32 - 7765.10]. Katumbili 
averaged 2563.04 kg ha-1, 95% CI[2261.29-2905.06]. Above-ground biomass was significantly 
different between the varieties and between the N80 and N80 P50 K50 S20 fertilizer treatments. 
The N80 P50 treatment was neither significantly different from the N80 nor the N80 P50 K50 
S20 fertilizer treatments. Like yield, the hybrid responded more to the fertilizer treatments than 
the traditional variety with 1800.83 Kg Ha-1 more between the N80 and N80 P50 K50 S20 
compared to only 673.72 kg ha-1 (Figure 5). The differences between varieties are complicated 
by the interaction with percent clay in the soil, with yields increasing with declines in clay 
content. Supplement 2: Interaction plots between soil percent clay and  contains the interaction 
plot between variety and clay percent in the soil. 
Chlorophyll Index 
 The results of the two analysis-of-variance of chlorophyll averaged over the growing 
season have significant main effects for fertilizer treatment but not variety. The F ratio for 
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fertilizer treatment yielded F(2,316)=8.50, p<0.001 (Table 4). There are significant differences 
between the N80 and N80 P50 K50 S20 fertilizer treatments amounting to 2.023 index points. 
The N80 P50 was not significantly different from either the N80 or the N80 P50 K50 S20 
(Figure 6) The results show that both varieties responded equally with an incremental increase in 
chlorophyll with each additional nutrient. 
Water Stress Over Growing Season 
Over the growing season, the two-way analysis of variance of the different water stress 
measures shows that variety has significant main effects for the soil moisture and stomatal 
conductance models and significant interactions with grow week in the Y(II) models. There is an 
absence of any main effects for fertilizer in all models. The F ratio in the soil moisture model for 
variety is F(1,87)=13, p<.001 and for stomatal conductance model  F(1,87)=11,  p<.001.  In the 
Y(II) model the variety interaction with grow week yielded an F ratio of F(12,3396)=7, p<0.0001 
(Table 5). The variables used to control for ambient growing conditions within each model are 
presented in tables 7 to 10.  
Stomatal conductance reveals the most visible pattern between grow week and the variety 
with DKS9089 having lower stomatal conductance earlier in the growing season during dry 
periods and significantly high stomatal conductance later in the season once the rains returned 
(Figure 9). The Y(II) and PRI model results did show similar patterns over the growing season 
with DKS9089 having lower values with less water stress, and both varieties showing increased 
water stress during the dry periods of the growing season (Figure 7 and 8). 
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Crop Water Stress Over Dry Spells 
The results of the two-way analysis of variance for the crop water stress measures over 
dry spells (days since rain) have significant main effects for variety in the soil moisture 
F(1,87)=10, p<0.002 (Table 9), and PRI F(1,87)=6, p<0.017 (Table 10) models. Variety also 
showed significant interactions with days since rain in the soil moisture and stomatal 
conductance models with F ratio of F(12,3083)=2,  p<0.042 (Table 9) and  F(13,1929) = 5,  
p<0.0001 (Table 11), respectfully. The Y(II) model had only main effects for the variable 
representing days since rain F(13,7501)=108, p=0 (Figure 13). Table 12 presents the variables 
used to control for the daily ambient growing conditions within each model.  The pattern of crop 
water stress over dry spells shows that soil moisture declines in a relatively linear manner until 
day five of a dry spell and then flattens out (Figure 11) with little difference between the 
varieties. Stomatal conductance remains constant until day six and then declines between days 
seven and nine, after which it remains consistently low (Figure 12) Y(II), slowly declines until 
day seven of the dry spell, then sharply declines from day eight to ten before flattening out and 
becoming constantly low (Table 13). PRI shows a similar pattern to Y(II) remaining constant 
until day nine, dropping on day ten, then remaining constant after that (Figure 13).  The crop 
water stress measure shows no effect of fertilizer treatment and minimal meaningful effect of 
variety beyond stomatal conductance, where DKS9089 shows some ability to modulate its 
conductance in response to the drying conditions. 
Discussion & Conclusion  
 The results of this study demonstrate that high quality commercial hybrid seed has 
substantial benefits for small-plot farmers. The benefit of hybrid seed occurred irrespective of 
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fertilizer treatment, though the hybrid is better able to take advantage of increased nutrients 
compared to the traditional variety. The crop water stress measures only showed limited 
differences between the varieties and were poor at accounting for the yield differences. The yield 
differences could be better explained anecdotally by how each variety responded to the stress of 
the dry spells. The traditional variety exhibited an avoidance strategy, triggered at the onset of 
the first dry spell of more than ten days and resulting in it immediately flowering.  The result was 
that the traditional variety was in grain fill during the subsequent long dry spell and in 
senescence by the time the rains returned late in the growing season. The hybrid variety tolerated 
the dry spells and tasseled later, with grain fill once the rains had returned.  The hybrid variety 
also remained physiologically active for much longer during the growing season.  
The higher biomass of the hybrid allowed it to shade out weeds more effectively, 
reducing the competition for both water and nutrients. The water stress measure did show that 
both varieties reduce physiological activity about nine days into a dry spell with reduced 
stomatal conductance and Y(II) and PRI values. This time frame for agriculturally significant dry 
spells is well supported in the literature (Fischer et al., 2013) and occurs in approximately three 
of five growing seasons within the study area.  r 
In consideration of the high probability of experiencing an agriculturally significant dry 
spell, the results from this study indicate that fertilizer nutrients beyond nitrogen had little impact 
on crop water stress during dry spells unless coupled with improved hybrid seed.  The lack of a 
significant benefit from the addition of P may illuminate why small-plot farmers within the study 
area have traditionally made minimal use of fertilizer beyond N. This study also supports the 
observations in literature that small-plot fields have a wide range of responses to fertilizer, with 
little differences in yield with the addition of P50 but with a meaningful though not significant 
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increase with the addition of K50 and S20 (Thomas Jayne et al., 2014; Liverpool-Tasie, 
Omonona, Sanou, & Ogunleye, 2017; Marenya & Barrett, 2009).  Within this study the 
recommended fertilizer application of N80 P50 yielded little more than the common minimal 
practice of only applying nitrogen, suggesting that small-plot farmers may be optimizing their 
financial investment in the crop, thereby reducing the risk of limited returns as a result of 
unpredictable rainfall. The lack of response to the recommended application of fertilizer 
underlines the need for improved and more localized nutrient management recommendations for 
small-plot farmers (Giller et al., 2011; Kihara et al., 2016; Vanlauwe et al., 2015). While other 
studies have shown that farmers increase their use of fertilizer, they reduce the risk of crop 
failure from lack of rain through water harvesting (Wakeyo & Gardebroek, 2013).  
Consequently, boosting agricultural production requires securing farmer’s investments in 
agricultural inputs to ameliorate the effects of unpredictable rainfall and to ensure continued 
investment in their small plots to maintain soil quality.   
While agriculture subsidies have mainly focused on distributing fertilizer, this study 
suggests that the money would be better spent on research, development, and distribution of 
better seed varieties and the development of better fertilizer recommendations, in accordance 
with the findings of Jayne et al. (2013).  Further extension research is needed to develop targeted 
fertilizer recommendations that optimize a small-plot farmer’s chances of success before the 
benefits of fertilizer can be fully realized within SSA. In addition, more work needs to be done to 
promote weather-indexed crop insurance schemes with national coverage. This study suggests 
that high-quality seed and nitrogen are the minimum needed within the context of the SSA green 
revolution to boost agricultural production. This can then be built upon through the use of 
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Figure 2: Probably of dry spells of varying length on any day of the growing season. Data from GSOD.  
 
 
Figure 3: Least squared means differences between variety and fertilizer treatment on yield. Variety has a large impact 





Figure 4: Least squared means differences between fertilizer treatments on yield. The addition of phosphorus does little to 





Figure 5: Least squared means differences between variety and fertilizer treatments on above-ground biomass. The 




Figure 6: Least squared means differences for fertilizer treatments on chlorophyll index. Each additional nutrient 























































































































Table 2: Two-way analysis of variance results for yield. 
 
 

























Table 8: Analysis of variance results for stomatal conductance over the growing season. 
 
 















































CHAPTER 3: INTRA-ANNUAL DYNAMICS OF WATER STRESS IN THE 
CENTRAL INDIAN HIGHLANDS FROM 2002-2012 
Benjamin Clark, Ruth DeFries, and Jagdish Krishnaswamy 
PUBLISHED  
Abstract 
India's continued development depends on the availability of adequate water. This paper applies a 
data-driven approach to estimate the intra-annual dynamics of water stress across the central Indian 
Highlands over the period 2002 to 2012. We investigate the spatial distribution of water-
demanding sectors including industry, domestic use, irrigation, livestock, and thermal power 
generation. We also examine the vulnerability of urban centers within the study area to water 
stress. We find that 74% of the area of the central Indian Highlands experienced water stress 
(defined as demand exceeding supply) for four or more months out of the year. The Rabi (winter) 
season irrigation drives the intra-annual water stress across the landscape. The Godavari basin 
experiences the most surface water stress while the Ganga and Narmada basins experience water 
stress due to groundwater deficits as a result of Rabi irrigation. All urban centers experience water 
stress at some time during a year. Urban centers in the Godavari basin experience considerable 
water stress, for example, Achalpur, Nagpur and Chandrapur experience water stress eight months 
out of the year. Irrigation dominates water use, accounting for 95% of the total water demand, with 
substantial increases in irrigated land over the last decade. Managing land use to promote 
hydrologic functions will become increasingly important as water stress increases. 
Introduction  
India's continued development depends on the availability of adequate freshwater 
resources for its growing population, expanding urban centers, agricultural production, and 
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power generation (Mehta and Mehta 2013; Khalid 2014; Banerjee et al. 2015). Understanding 
the dynamics of water stress is crucial for future water resource management and identification 
of investments needed to ensure the population’s food and water security, sustainable 
agricultural production, and healthy ecosystems. This need is particularly important for India, 
which is undergoing a period of social, economic, and urban transformations since the economic 
liberalization reforms of the 1990s (Deaton and Kozel 2005; Kohli 2009). Over the last inter-
censal period, India’s urban population increased from 27.8% to 31.2% of the total population, 
with the number of urban-dwellers expected to grow by 404 million between 2014 and 2050 
(United Nations, 2014).  
Agriculture, thermal power generation, and urban centers all require freshwater 
withdrawals and collectively contribute to India’s increasing water stress. According to the 
Central Ground Water Board (CGWB), India’s large urban centers chiefly depend on surface 
water for approximately 80% of their water supply (CGWB 2011a). Irrigation has been 
instrumental for increasing food production, taxing water resources further with agriculture 
dominating freshwater withdrawals. The number of households with electricity increased by 
11.4% and electrical production increased 60% between 2001 and 2011 (Census of India 2012a). 
Increased demand for electricity has also meant a greater water demand for power generation 
(Banerjee et al. 2015). Only a handful of studies have systematically measured the spatial and 
temporal aspects of anthropogenic water stress within the Indian landscape (Amarasinghe et al. 
2005; Amaraginghe et al. 2007; CGWB 2011b). The CGWB (2011b) comprehensively assessed 
groundwater resources at the sub-district level using an annual water budget methodology. The 
reports by Amaraginghe (2005, 2007) utilized the Policy Dialogue Model Simulation 
(PODIUMSIM), which simulates water futures to 2050 given economic drivers and dietary 
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changes. The results of the PODIUMSIM model are at the basin spatial scale on an annual basis. 
These reports conclude that, while India has abundant water resources, there is a spatial 
mismatch of demand and supply and regionalized overuse of the existing water resources. 
Although the existing reports reveal important findings, there is a need to fully utilize the rich 
sources of existing data, including data recently made available through the Government of 
India’s (GOI) Open Data Initiative (ODI) as well as remotely sensed products, in order to better 
understand the intra-annual dynamics of water supply and demand that have not been addressed 
by the earlier studies. 
 Climate change will also have an impact on future water stress of the central Indian 
Highlands. In India, warming has occurred and is expected to intensify (Shiekh et al. 2015). The 
amount of monsoon precipitation has been declining since the 1950s, and there are indications of 
an increased frequency of more intense rain events (Goswami et al. 2006; Krishnan et al. 2013; 
Krishnaswamy et al. 2014, Roxy et al. 2015). However, global climate models and their regional 
equivalents have largely failed to simulate precipitation, thus increasing the uncertainty about 
future projections (Sabeerali et al. 2014; Saha et al. 2014; Mishra 2015). Given these 
uncertainties, it is prudent to base adaptation plans on the continuation of current trends of 
increased intense rain events and declining monsoon precipitation. Understanding the current 
status of water stress provides a basis to assess the potential impacts of future climate conditions.  
This paper addresses the gaps in knowledge of the spatial and intra-annual variability in 
water scarcity using a data-driven approach to estimate water stress across the central Indian 
Highlands by simulating water supply and demand over the period 2002-2012. It quantifies five 
water demand sectors (domestic, irrigation, livestock, power generation, and industry) to 
compute water stress at the sub-basin scale on a monthly basis. Additionally, given the 
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increasing pace of urbanization in India, we also examine the vulnerability of urban centers 
within the study area to water stress. We specifically attempt to answer the following questions:  
1) What are the intra-annual dynamics of water stress in the basins within the central Indian 
Highlands? 
2) What are the spatial trends in water stress and what factors drive these trends? 
3) What proportion of water stress is contributed by each water demand sector to the overall 
water stress?  
4) What is the water stress of urban centers within this landscape?   
Study Area 
The central Indian Highlands, as defined for this study, extend from 76.02° to 83.12° 
latitude and 18.68° to 25.4° longitude and encompasses 36 districts in the states of Madhya 
Pradesh, Chhattisgarh, and Maharashtra. It includes 17 urban centers with a population over 
100,000 (Census of India 2012b). The combined population living in these 17 cities is over 7.4 
million. The study area also contains peninsular headwaters of the Ganga,1 Narmada, Godavari, 
Mahanadi, and Tapi basins, which constitute five of India’s ten major river basins. The basin 
precipitation ranges from 699 mm in the west to 1380 mm in the east with an average of 987 mm 
per annum. 
Land cover and land use have changed little over the study period from 2002 to 2012. 
According to the Directorate of Economics and Statistics, GOI, agricultural production area has 
declined while irrigated land has increased. The study area is dominated by agriculture, which 
accounts for approximately 58% of the land use (Thenkabail et al. 2009). The Kharif (monsoon) 
                                                 
1 For the purpose of this study the Ganga Basin is comprised of the headwaters of the Kali Sindh, Chambal Lower, 
Yamuna Lower, Tons and Sone sub-basins. 
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growing season is from June to November, while the Rabi (winter) growing season is generally 
from October through April. Forest cover made up 27% of the landscape in 2000 (Thenkabail et 
al. 2009) and has not changed substantially since (Hansen et al. 2013).  
Data and Methods  
Water Stress  
Water stress for this study is defined using four metrics: (1) water supply stress index 
(WaSSI) (Sun 2008), (2) a newly developed index for this paper that accounts for groundwater 
stress (GWaSSI), (3) surface water deficit (SDEF), and (4) combined surface and groundwater 
deficit (GWDEF). The four metrics were computed using the water accounting model developed 
by Sun (2008) and Tavernia (2013) that utilizes the Sacramento Soil Moisture Accounting Model 
(SAC-SMA) (Burnash 1995) to model soil moisture (S1). The model was modified to better 
account for irrigation and groundwater withdrawals.  





       equ. (1) 
 
where WD is water demand and WS is water supply.  GWaSSI is calculated as 
 
𝐺𝑊𝑎𝑆𝑆𝐼 =
(𝑊𝐷 + 𝐺𝑊𝐷𝐸𝐹 × 𝐴𝑟𝑒𝑎𝑠𝑏)
𝑊𝑆




where GWDEF (groundwater deficit in mm month-1) was a term added to the SAC-SMA that 
tracked groundwater withdrawals. Areasb specifies the area of the sub-basin in m
2.  SDEF is 





𝑖𝑓 𝑊𝐷 > 𝑊𝑆
0 𝑖𝑓 𝑊𝐷 < 𝑊𝑆
]          equ(3) 
 
 
GWDEF is provided as output from the SAC-SMA model. GWDEF and SDEF are used to 
partition water stress between surface water and groundwater stress. GWDEF and SDEF 
represent either physical scarcity or lack of access to either surface water or groundwater 
resources. Values of WaSSI and GWaSSI above one indicate water stress. 
 The water accounting model used to compute water stress estimates water demand for 
five water-use sectors (domestic, industrial, power generation, irrigation, and livestock) and 
simulates water supply as the discharge estimated from the two-layer SAC-SMA model on a 
monthly basis for each sub-basin within the study area. The study area was divided into 1,780 
sub-basins assuming one outlet per sub-basin but zero or more upstream sub-basins that flow into 
it.  This simple routing does not account for the storage, canals and basin transfers that are 
critical to discharge.  Consequently, the model cannot be calibrated against observed discharge 
data. The sub-basins were delineated using TauDEM 5.2 (Tesfa et al. 2011) from Aster GDEM 
v2 data (NASA and Japan ASTER 2011) with an average size of 166 km2. Soil texture and land 
use were used to parameterize each sub-basin in the SAC-SMA model according to the scheme 
developed by Koren et al. (2004). The Food and Agriculture Organization’s (FAO) soils 
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database was used for soil texture, and the Global Irrigated Area Map (GIAM) (Thenkabail et al. 
2009) was used to estimate the Soil Conservation Service Curve Number (SCS-CN) for land use. 
Monthly time series of precipitation, evapotranspiration (ET), groundwater withdrawals and 
irrigation were used as inputs for the SAC-SMA model. The time series were created from the 
Precipitation Estimation from Remote Sensing Information using Artificial Neural Network 
(PERSIANN) (Hong et al. 2004; Hsu 2008) rainfall data, and MODIS MOD16A2 monthly ET 
product (Mu et al. 2011) spatially averaged for each sub-basin. Groundwater withdrawals were 
taken from the lower zone free water to account for the impacts of groundwater withdrawals on 
soil moisture. When groundwater abstraction exceeded the lower zone free water, the excess was 
added to the GWDEF term (mm month-1) that was used to carry the balance of the groundwater 
deficit until future percolation from the upper zone would satisfy it. Monthly surface and 
groundwater irrigation withdrawals were additional inputs representing transfers from surface 
water or the lower zone to the upper zone of the SAC-SMA model.  
 To account for the unknown soil moisture at the beginning of the study period, we used 
30 simulations of the SAC-SMA model to compute the four water stress metrics. Before 
simulating the study period, 60 randomly selected months from the study period were used as 
“warmup” data to vary the initial soil moisture. The monthly median values were used to 
characterize the intra-annual dynamics of water stress for the four water stress metrics calculated 
from the combined 30 simulations and 11 years of the study period, with the interquartile range 
used to capture the uncertainty of the measure. We validated the output of the water accounting 
model by validating the internal consistency of the model and checking annual observed 
discharge at gaging stations with simulated discharge. The model internal consistency validation 
assumes that over the entire year, precipitation (P) plus groundwater withdrawals for irrigation 
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(GWW), should approximately equal ET plus discharge (Q), with changes in soil moisture 
assumed to cancel out. The average ratio of (ET+Q) to (P + GWW) was 98.5% (SD: 2.16%). 
Discharge data were available for the Narmada (n=11) and the Godavari (n=9) basins. The model 
performed reasonably well in the Narmada with median simulations discharge 31% over-
observed, compared to the Godavari with 1.12% over-observed (S2).  
Water Supply 
Water supply accounts for all water available for withdrawal by the water use sectors: 
 𝑊𝑆 = 𝑄𝑔𝑒𝑛 + 𝑄𝑢𝑝 + 𝑊𝐷𝑔𝑤       equ. (4) 
where WS is the total water supply for each sub-basin in the landscape, Qgen is the water yield 
from the SAC-SMA model for the sub-basin, Qup is the discharge from all upstream sub-basins 
and WDgw is the total groundwater withdrawals within the sub-basin.  Qgen represents:  
 𝑄𝑔𝑒𝑛 = (𝑃𝑃𝑇 − 𝐸𝑇 ± ∆𝑆) ×  𝐴𝑟𝑒𝑎       equ. (5) 
where PPT is incoming precipitation, ET is evapotranspiration and ΔS is a change in soil 
moisture. Qgen is computed from the output of the SAC-SMA model multiplied by the area of the 
sub-basin.  Qup is the upstream discharge after accounting for anthropogenic consumptive water 
use:  
𝑄𝑢𝑝 = 𝑄𝑔𝑒𝑛 − 𝐶𝑈 + 𝐺𝑊𝑟𝑒𝑡  equ. (6) 
where Qgen represents the sum of upstream sub-basins discharge, CU is the consumptive water 
withdrawals from the five use sectors, and GWret is the groundwater return flow. An assumption 
within the water accounting model is that all return flows are returned to surface water. This 
assumption is valid for all water use sectors except irrigation. Irrigation is redistributed across 
the landscape to recharge soil moisture and supply ET. Consequently, irrigation water 
withdrawals are fed back to the SAC-SMA model, which distributes it between ET (consumptive 
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use) and discharge (return flow). Qup-CU contains all the return flows from surface water sources 
but not from groundwater, requiring that the variable GWret is added to the model. CU is 
computed as:  
∑ 𝐶𝑈 = ∑[(1 − 𝑅𝑟𝑒𝑓) × 𝑊𝐷𝑠𝑤]       equ. (7) 
where Rref is the fraction of water withdrawals from a water demand sector not used 
consumptively and WDsw is freshwater withdrawals from surface water sources. CU is summed 
over the four water-use sectors discussed below, excluding irrigation. Irrigation consumptive 
water use is accounted for in the ET demand, which drives the SAC-SMA model and was taken 
out of soil moisture before discharge was estimated. GWret is calculated as: 
∑ 𝐺𝑊𝑟𝑒𝑡 = ∑[𝑅𝑟𝑒𝑓 × 𝑊𝐷𝑔𝑤]       equ. (8) 
where WDgw is freshwater withdrawals from groundwater sources.  
Water Demand  
Water demand accounted for five water-use sectors, namely domestic, industrial, power 
generation, irrigation, and livestock. It is the total gross water use of all sectors from both surface 
and groundwater sources and includes both consumptive and non-consumptive water. It 
represents the amount of water that must be available to meet the demand of a sub-basin. Non-
consumptive use of water is returned to surface water so that it is available for downstream re-
use and accounted for in WS. Water demand (WD) is computed as: 
 𝑊𝐷 =  ∑ 𝑊𝑈𝑖        equ. (9) 
where WUi is the water withdrawn by water use sector i. The water supply must meet the total 
water withdrawals to avoid water stress. 
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Domestic Water Use 
Domestic water use was computed from population data multiplied by liters per capita 
per day (lpcd) specified for either rural or urban. The Ministry of Drinking Water and Sanitation 
budgets 55 lpcd for rural populations (Ministry of Drinking Water & Sanitation 2013), while the 
Ministry of Urban Development’s service-level benchmark for urban water supply is 135 lpcd 
(Ministry of Urban Development 2011). 
To distribute the population spatially, we combined the Asia Pop gridded population data 
(Gaughan et al. 2013) with the UN population data for the years 2002 to 2012 to create yearly 
population maps. The yearly population maps were then classified into rural and urban. The most 
populated cells that summed to the UN estimated urban population for the given year were 
classified as urban, and the rest rural. This method agreed well with built-up areas (data not 
shown) and allowed for the incorporation of urbanization trends within the yearly gridded 
population data. We multiplied the gridded population data by the lpcd for either urban or rural 
depending on cells classification and the days in the month, which was then aggregated to the 
sub-basin spatial scale to estimate monthly water use for domestic purposes. Return flow was 
calculated similarly with 80% of urban domestic water demand, and 85% of rural domestic water 
demand returned, based on the breakdown of the water use given by the Ministry of Urban 
Development (2011) and Ministry of Drinking Water and Sanitation (2013) respectively. Water 
used for washing and cleaning was included as non-consumptive water use whereas water for 
drinking and cooking was taken as consumptive water use.   
Livestock Water Use  
Livestock water use was computed using the 18th round of the Livestock Census collected 
in 2006-07. The Livestock Census is a household-level census of livestock ownership that 
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collects information on 15 species by breed and class of livestock2 and is conducted every five 
years. Livestock numbers were mapped to sub-basins. State level numbers for Madhya Pradesh 
from the 16th through the 19th rounds of the Livestock Censuses were used to develop temporal 
trends that, along with the household level data from the 18th round, were used to estimate yearly 
livestock numbers within each sub-basin.  
To compute the water-use for each livestock species, class-specific (sex, age, and status) 
water requirements were compiled from the literature (Mukasa-Mugerwa 1981; Sarkar et al. 
2002; Fowler and Miller 2003; Ward and McKague 2007; Das 2008; Pal et al. 2008; Lovelace 
2009; Bülbül 2010; Schlink et al. 2010) (S3).  The water requirements were then multiplied by 
the number of animals of that species and class and summed over all species and classes to 
estimate total livestock water usage within a sub-basin. We considered only drinking water as 
100% consumptive use with no return flow from livestock.  
Irrigation Water Use 
Water use for irrigation accounted for water use from minor (<2,000 ha), medium (2,000 
to 10,000 ha) and major (>10,000 ha) irrigation schemes. To estimate irrigation water 
withdrawals, data from the AQUASTATS database (FAO, 2015), Minor Irrigation Scheme 
Census (MI) data and data from the Water Resources Department of Madhya Pradesh (WRD) 
was utilized to arrive at an estimate of 538 mm of water withdrawn for the Rabi (winter) season 
and 222 mm for the Kharif (monsoon) season. AQUASTATS annual irrigation water 
withdrawals were used to estimate water use per hectare of irrigated land. Data from WRD on 
major and medium scheme water withdrawals per irrigated hectare during the Rabi season was 
                                                 
2 Cattle, water buffalo, camels, mithun, yak, horses, mules, donkeys, goats, pigs, rabbits, chickens, turkeys, ducks, 
poultry farms, and dogs. 
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used to estimate Rabi season water use. The difference between the annual and Rabi estimates 
represented the Kharif irrigation water withdrawals. The proportion of Kharif to Rabi water 
withdrawals per hectare of irrigated land was then cross-checked with the proportion of seasonal 
pumping hours recorded in the MI (4th round) data with good agreement.3 From cropping 
calendars and MODIS ET data, it was estimated that irrigation was used during November to 
February for the Rabi season, and July to October for the Kharif season. 
The yearly seasonal irrigated area of the study period was computed from MI rounds 2 to 
4 and GIS data for the command areas of the major and medium schemes obtained from the 
Water Resource Information System (WRIS)4. The seasonal irrigated area data was mapped to 
districts and then proportionally distributed to sub-basins and multiplied by the seasonal water 
withdrawals to estimate monthly irrigated water use per sub-basin.  Irrigation water withdrawals 
were re-applied to the SAC-SMA model to meet the consumptive water demand of the crops 
through ET demand. Non-consumptive use of irrigation water was processed through the soil 
moisture model and contributed to monthly discharge.  
Power Generation 
There are 38 thermal power generation plants (TPP) currently within the study area. 
Detailed information is not available on the types of cooling systems they use or their water 
requirements. All available data from environmental clearance letters on water use and capacity 
for TPPs was used to estimate a coefficient of 3.55 CUM/MWH, which broadly agrees with 
water use coefficients in the literature (Macknick et al. 2012; Ogaldez et al. 2012). Monthly data 
                                                 
3 The estimated ratio of kharif to rabi season water withdrawals is 0.41, the ratio of pumping hours between the two 




on actual power generation available from the GOI ODI portal5 for the period 2008 to 2012 was 
used to calculate monthly power generation water demand. The years 2002 to 2007 and any 
missing months within 2008 to 2012 were linearly interpolated on a monthly basis to preserve 
seasonal trends. The monthly power generation was then multiplied by the water-use coefficient 
to estimate monthly water use by TPP. TPPs were mapped to sub-basins to estimate water use 
for power generation at the sub-basin scale.                                     
Industry 
Industrial water use had the least amount of available data. The only available data was 
found in environmental clearance letters (EC). Madhya Pradesh makes all EC letters available on 
the web dating back to 2008, and Green Clearance Watch6 posts some EC letters for all of India 
dating back to 2007.  One hundred twenty-eight industries have water requirements listed on 
their EC letters within the study area, mainly in the mining, iron and steel sectors. This data was 
used to estimate monthly water demand by industry from 2008 to 2012. No data was available to 
estimate industrial water use before 2008. 
Results  
Intra-Annual Water Stress 
The Central Indian Highlands experience considerable water stress throughout the year, 
driven by Rabi season irrigation (Fig. 1a). WaSSI only indicates water stress (WaSSI > 1) during 
the Rabi irrigation season. GWaSSI, which tracks the groundwater balance, shows that water 
stress (GWaSSI > 1) intensifies after Rabi season when limited base flow constitutes the supply 





and a groundwater deficit persists from the preceding months of irrigation.  GWaSSI also 
illustrates that the groundwater deficit is recharged within the first month of the monsoon. In 
general, GWaSSI values are higher than WaSSI values as the former method accounts for the 
impact of using groundwater, which WaSSI does not.  
 Much of the landscape experiences water stress for at least some months of the year (Fig. 
1b).  Only 16% (interquartile range 14% to 19%) of the area remains unstressed throughout the 
year. Rabi season irrigation results in 74% (interquartile range 70% to 78%) of the landscape 
experiencing water stress for four or more months out of the year. A small fraction (1%) of the 
landscape experiences water stress throughout the year. Basin-wise, the Ganga basin has the 
highest proportion of its area water stressed during the Rabi season, followed by the Narmada 
and Godavari basins (S11). The Ganga basin also has a large percentage of its land area 
experiencing water stress beyond the Rabi season primarily in the Tons, Yamuna and Chambal 
sub-basins. The Mahanadi basin is characterized by the least amount of area that is water stressed 
during the Rabi season and the largest decrease in area stressed after the Rabi season.  
At the sub-basin scale, both spatial and intra-annual temporal patterns emerge. Sub-
basins along the main river channels tend not to experience water stress, and portions of the 
upper Narmada headwaters and parts of the Tapi basin also remain unstressed throughout the 
year (Fig. 2a). Large portions of the Ganga and Narmada basins experience intense water stress 
during the dry part of the year (October to May). The Godavari basin also has considerable water 
stress, with parts of its headwaters experiencing intense water stress. The eastern portions of the 
Mahanadi and the adjacent parts of the Ganga and Narmada headwaters experience less water 
stress.  The areas of the landscape that experience intense water stress also experience it for 
longer periods within the year (Fig. 2b). GWaSSI across the southern part of the landscape 
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(Godavari and Mahanadi basins) peaks during the Rabi season, while in the Ganga and Narmada 
GWaSSI peaks after Rabi season, closer to the onset of the monsoons as a result of groundwater 
deficits (Fig. 2c). 
Surface vs. Ground Water Stress 
 Surface and groundwater stress were quantified using millimeters of deficiency for the 
month of maximum deficiency.  Surface and groundwater stress show different spatial 
distribution patterns (Fig. 3). Sub-basins along the main river channels as expected do not show 
any surface water stress. The Godavari basin has the highest localized surface water stress 
though the Mahanadi and Ganga basins also have considerable surface water stress. Groundwater 
stress is most pronounced in the Ganga and Narmada basins, centered within the sub-basins 
where irrigation water demand is high. The main channel of the Narmada with intensive 
agriculture has the maximum deficiency of the landscape, along with portions of the 
northwestern part of the landscape. The Mahanadi and Godavari basins use very little 
groundwater for irrigation and consequently have very little groundwater stress. The combination 
of surface and groundwater withdrawals for irrigation increase the deficit in the Ganga basin and 
portions of the Narmada basin, making these two basins the most deficient. These differences in 
the surface and groundwater deficiencies largely explain why the differences between GWaSSI 
and WaSSI are greatest for the Ganga, Narmada and Tapi basin as a result of higher groundwater 
use during the Rabi irrigation season.  
Urban water stress   
The urban centers within the landscape all experience water stress (GWaSSI>1) (Fig. 2b). 
Of the 17 urban centers, Jabalpur has the least water stress.  It is unstressed when groundwater is 
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not accounted for (WaSSI) and only stressed for two months when groundwater is included 
(GWaSSI) (Table 1).  Only six urban centers experience water stress for less than half of the 
year, with the rest experiencing water stress for six to eight months of the year. Nagpur, the 
largest urban center, experiences water stress for the longest portion of the year (8 months) along 
with Achalpur and Chandrapur. The urban centers in the Ganga basin show considerably higher 
GWaSSI values compared to WaSSI values as a result of greater utilization of groundwater. 
Differences between WaSSI and GWaSSI in the Godavari basin are negligible as a result of its 
dependence on surface water.  
Water Demand  
Water demand as a component of the water stress index represents five different water-
use sectors with very different spatial distributions and percentages of total water demand. 
Irrigation accounted for 95% of the water demand in the landscape over the period from 2002 to 
2012. Surface water accounted for 59% while groundwater made up 41% of total irrigation water 
withdrawals. In 2012, both sources of water use for irrigation were approximately 26% more 
than those in 2002. At the basin scale, there are substantial differences between the basins in the 
percentage of groundwater used for irrigation, which drives the difference between the WaSSI 
and GWaSSI estimates (Table 2). The Ganga, Narmada and Tapi basins all use more 
groundwater than surface water for irrigation. However, groundwater only makes up 
approximately 21% of the irrigation water withdrawals in the Godavari and Mahanadi basins.  
Domestic water use generated the second largest demand.  This sector accounted for 3% 
of all demand across the landscape, ranging from 3% to 6% between the basins and increasing by 
27% over the study period. Livestock only accounted for 1% of the total water demand and 
increased by 0.5%. Power generation, while accounting for less than a percent of total demand, 
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increased 2.6-fold over the study period. Industrial water use was poorly accounted for, and 
consequently, it was difficult to estimate its full contribution to the total water demand. 
However, the available data suggest that it is not a large contributor to water demand at the basin 
or landscape scale, though it may be significant at the sub-basin scale (Fig. 4).   
Demands from the different water-use sectors have very different spatial distributions 
(Fig 4). Unsurprisingly, domestic water demand is concentrated in the sub-basins where urban 
centers are located. Livestock are distributed in the rural sub-basins with greater concentrations 
in the northern and eastern portions of the central Indian Highlands. Power generation only 
affects the 38 sub-basins with TPPs but represents a substantial water demand where present. 
Industrial water use is primarily by mines and is important in the sub-basins where mines are 
prevalent. Irrigation is distributed throughout the landscape, though concentrated in the central 
and northeastern parts of the landscape. 
Discussion 
While the Central Indian Highlands have ample water-supply provided by monsoon 
precipitation, the increased use of irrigation to facilitate agricultural intensification has resulted 
in water stress during Rabi irrigation season.  Seventy-four percent of the landscape experiences 
Rabi season water stress. The Ganga and Narmada basins experience the most stress throughout 
the year during months of highest demand and while making maximum use of their water 
resources with large groundwater withdrawals. WaSSI showed a very different pattern of water 
stress (S6-S8) than GWaSSI because the former does not capture groundwater utilization. 
GWaSSI carries groundwater deficiencies through the dry months as a water debt to be repaid 
once the monsoons arrive (temporal transfer). GWaSSI identifies regions where groundwater 
recharge is important for maintaining water availability.  The strength of GWaSSI over WaSSI is 
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that it forces the model to balance groundwater withdrawals with precipitation to better account 
for sustainable use of water resources.   
Disaggregating water stress into surface and groundwater deficiencies provides further 
insight into the spatial intra-annual dynamics of water stress. The Godavari basin shows 
considerable water stress (GWaSSI), but much of the area lacks any groundwater deficit. This 
result suggests a lack of development of groundwater resources to meet the Rabi irrigation 
demand, which may be the cause for the Godavari basin having a minimal expansion of Rabi 
season irrigation over the study period (S12). Groundwater deficits are prominent along the 
Narmada main channel for the entire year while there is no associated surface water deficit. This 
result may indicate a lack of access to surface water in the Narmada basin that could be used to 
meet this demand. Groundwater deficiencies in the Ganga and Godavari basin agree with the 
Tehsils identified by the CGWB (2011b) in 2009, though simulated groundwater deficiencies 
cover a much larger area than the CGWB identified.  
Urban centers are in areas of the landscape that have relatively high water-stress. Nagpur, 
Chandrapur, and Achalpur all experienced water stress for three quarters of the year and are in 
the top ten percent of water-stressed sub-basins in the landscape. For these cities, water storage 
and basin transfers are crucial for meeting their water demand, for example, Nagpur and 
Chandrapur have adjacent, un-stressed sub-basins which can be used to meet their water 
demands. Similarly, Bhopal, the second largest city in the landscape is in the most water-stressed 
part of the landscape, with storage being an important aspect in maintaining water supply. Intra-
annual changes in water stress may have a greater impact on urban basins compared with the 
landscape as a whole, as domestic water demand is inelastic and cannot readily adjust to changes 
in water supply.  
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  Our analyses show that the demand sector with the largest impact is irrigation. India has 
made large investments in increasing irrigation. The result has been increasing agricultural 
intensification, with greater water withdrawals for irrigation and a growing reliance on 
groundwater to meet the demand. Land management that facilitates infiltration, groundwater 
recharge, and storage of water in the landscape would help to reduce water stress and allow for 
sustainable increases in Rabi season irrigation. Basin conservation management and maintenance 
of forest cover that enhances hydrological function could help during low-flow periods of the 
year (Bruijnzeel 2004; McDonald and Shemie 2014). 
Conclusions and Future Directions 
  Anthropogenic water stress is a result of complex interactions between water supply and 
multiple water demand sectors. The interactions between supply and demand vary over a variety 
of temporal and spatial scales, making water stress difficult to assess accurately. This study 
quantifies five different water demand sectors across the sub-basins of the central Indian 
Highlands using available data to characterize the current intra-annual dynamics of water stress 
across the landscape. Understanding the impacts of increasing irrigated land and its increased 
dependence on groundwater will be key for better water management planning. Also, a better 
understanding of how land use affects hydrological function and how forest and vegetation can 
be managed to improve the availability of water across the landscape could be a cost-effective 
way of managing water stress in the future (McDonald and Shemie 2014)  
Irrigation is the main driver of the intra-annual dynamics. A more precise model for the 
timing and amount of irrigation used to produce the major crops within the landscape is needed. 
Likewise, it is important to model storage and inter-basin transfers, which the present model 
lacks.  Implementing a routing model that accounts for the hydrological infrastructure in the 
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landscape would allow the model to be calibrated and validated with observed discharge data at a 
monthly time scale. The predicted increase in temperature and the uncertainty of changes in 
precipitation of the future climate will interact in a complex manner making the prediction of 
future water stress difficult. If the current trends of declining rainfall continue, then water stress 
will intensify. The result will be higher ET which is already much greater than the anthropogenic 
water demand. Vegetation’s response to higher temperature and precipitation extremes will also 
have an impact on the water flux returned to the atmosphere and potentially recycled as rainfall. 
Future work will focus on a model-based approach for projecting water stress within the context 
of climate change.  This approach will account for the combined impact of changes in 
temperature and precipitation to determine the response of water stress to different land uses.   
This study has demonstrated the intra-annual dynamics of anthropogenic water stress 
within the Central Indian Highlands over the last decade. Overall, more than 84% of the 
landscape is water stressed at some time during the year. We find that the urban centers within 
the landscape are water-stressed for much of the year and require basin transfers and storage to 
meet their water demand. Our analysis additionally reveals that irrigation dominates water use, 
with substantial increases in irrigated land over the last decade in agreement with Amaraginghe 
(2005, 2007). Further, new irrigation development is increasingly groundwater dependent, with 
implications for groundwater depletion over the coming decade. Watershed conservation 
management that focuses on agricultural best practices, increased efficiency of water use and 
water recycling in urban centers and industries, ecological restoration, and conserving forest and 
grassland cover in upper catchments will be crucial for reducing water stress across this 




We acknowledge the extensive use of MODIS data from NASA and ASTER DEM data from 
NASA/METI. We would also like to thank the Central Government of India (GOI) and State 
Government of Madhya Pradesh (GOMP) for making available a rich set of data to carry out this 
work, including the 18th Round of Livestock Census data from Department of Animal Husbandry 
(GOI), the Minor Irrigation Census data Rounds 2, 3 and 4 from Department of Water Resource 
(GOI), Environmental Clearance letter from the Ministry of Environment (GOI), Survey of India 
(GOI), Department of Forests and Climate Change, Madhya Pradesh (GOMP), data from the 
Green Clearance Watch and data for major irrigation schemes made available by the Water 
Resources Department, Madhya Pradesh (GOMP). 
67 
 






Fig. 1 (A) Inter-annual area-weighted median WaSSI (black) and GWaSSI (gray). Precipitation (gray bars) shows the 
effect of the monsoons in reducing water stress and recharging the groundwater deficit (GWaSSI). Water stress is most 
severe during the Rabi growing season when irrigation is used. (B) Percent of the landscape water-stressed (GWaSSI > 1) 
by the number of months of water stress. Calculated based on the median values from 30 monthly simulations of the 
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Fig. 2 Spatial and temporal distribution of water stress (GWaSSI) within the central Indian Highlands. (a) Maximum 
GWaSSI within a year, the median of 30 simulations across all years of the study period (2002-2012). (b) The number of 
months GWaSSI exceeds one. (c) Month within the year that GWaSSI is at its maximum. Basin boundaries are indicated 
on (a), and district boundaries (c). Urban centers have been mapped on (b). Interquartile range maps for (a) and (b) and 





Fig. 3 Spatial distribution of maximum water deficiency within a year. (a) Surface water deficiency. (b) Groundwater 
deficiency. (c) Combined surface and groundwater deficiencies.  Map (b) also contains the Tehsil’s that the CGWB 
(2011b) identified as groundwater stressed in 2009. Supplementary materials contain maps of the uncertainty 






Fig. 4 Mean water demand over the study period (2002-2012) for water use sectors included in the estimation of water 
stress, evapotranspiration estimated from the MODIS MOD16A2 in the bottom center is included for comparison with 





Table 1 Urban center sub-basin maximum, the month of maximum and number of months water-stressed WaSSI and 





























> 1 (IQR) 
Rewa 183 1101 1.6(0.4-1.6) April 5(4-7) 58(9.3-58) April 5(4-7) 
Bhopal 1458 701 3(3-3) April 6(6-7) 82(82-82) April 6(6-7) 
Chandrapur 289 1264 11(7.3-14) February 8(8-8) 11(7.3-14) February 8(8-8) 
Vidisha 125 4137 1.3(0.8-1.3) April 4(3-6) 92(61.2-92) April 7(7-7) 
Nagpur 2052 271 6.5(6.3-7) January 8(8-8) 6.5(6.3-7) January 8(8-8) 
Sagar 245 1104 1.6(0.1-1.6) May 6(3-7) 73(5.6-73) May 7(7-7) 
Wardha 111 254 6.8(5.5-6.8) January 5(5-5) 6.8(5.5-6.8) January 5(5-5) 
Akola 401 1323 4(4-4) February 4(4-4) 4(4-4) February 4(4-4) 
Satna 229 1619 2(0.6-2) May 6(4-6) 72(31.4-89) March 6(6-6) 
Gondiya 121 601 2.8(2.7-3.6) October 5(5-5) 2.8(2.7-3.6) October 5(5-5) 
Chhindwara 154 609 2(0.2-2) May 4(2-6) 81(19.8-123.5) May 7(7-7) 
Murwara 187 133 2.8(1.9-2.8) April 7(6-7) 19(15.5-19) April 7(7-8) 
Chhatarpur 109 1110 2(1.3-2) March 7(6-7) 17(12.7-17) March 7(7-8) 
Amravati 550 1089 2(0.7-2) May 7(6-7) 27(12.5-31) March 7(7-7) 
Achalpur 107 206 4(3-4) April 8(7-8) 28(10.8-28) April 8(7-8) 
Damoh 128 3816 1.8(1.7-2) January 4(4-4) 16(1.5-23.5) March 6(5-7) 
Jabalpur 956 17435 0.6(0.5-0.6) November 0(0-0) 2.6(0.6-3) April 2(0-6) 
 
Table 2 Basin-wise, by sector, annual water demand, percent of total water demand and consumptive use averaged over 
the study period. Irrigation is further disaggregated into surface and groundwater withdrawals.  























Domestic 4.7 3% 0.7 4.3 3% 0.6 5.5 4% 0.8 3.7 3% 0.5 4.5 6% 0.7 
Irrigation 141.4 95% 26.0 150.3 96% 45.9 118.9 92% 30.5 135.2 96% 34.1 74.3 93% 21.4 
Ground                
water 82.3 55% 13.8 31.4 20% 9.4 25.2 20% 5.5 68.5 49% 14.3 37.4 47% 10.7 
Surface    
water 59.1 40% 12.3 119.8 76% 37.0 93.7 72% 25.0 66.8 47% 19.7 36.9 46% 10.7 
Livestock 1.6 1% 1.6 1.2 1% 1.2 1.3 1% 1.3 1.3 1% 1.3 0.8 1% 0.8 
Power 
Generation 0.4 0% 0.0 0.7 0% 0.0 3.4 3% 0.1 0.4 0% 0.0 0.4 1% 0.0 
Industry 0.1 0% 0.0 0.1 0% 0.0 0.3 0% 0.0 0.0 0% 0.0 0.0 0% 0.0 







CHAPTER 4: COP21 FOREST COVER IMPACT ON WATER SUPPLY 
WITHIN THE CENTRAL INDIAN LANDSCAPE  
Benjamin Clark and Ruth DeFries 
Abstract 
India has pledged to increase forest cover to approximately 33% as part of its COP21 
commitments. Cropland will need to be reforested to achieve this goal. The Central Indian 
Highlands (CIH) has seen increased groundwater abstraction for irrigation over the last decade, 
with gains in agricultural production. The CIH would require forest cover to increase by two to 
five times, depending on the river basin, to achieve 33% forest cover. Land cover can have a 
significant impact on the hydrology and increasing tree cover could enhance groundwater 
recharge needed to support the dry season irrigation. The balance between the increase in 
infiltration and evapotranspiration, summarized by the infiltration-evapotranspiration trade-off 
hypothesis, as a result of reforestation, would have an impact on the sustainability of the water 
table under increased irrigation. To determine the outcome of increased forest cover on the 
hydrology of the CIH, infiltration tests at 118 sites within the CIH show that land cover has a 
significant impact with forest cover having higher infiltration (5.599x10-6 m s-1) then croplands 
which have a significantly lower infiltration rate of 1.858x10-6 m s-1. Simulation modeling 
using the Spatial Processes in Hydrology model to compare scenarios of current forest cover to 
33% forest cover reveal that groundwater recharge would increase by 88.4 mm while 
evapotranspiration would increase by 25.9 mm over the entire CIH. 
Introduction 
India has committed, under its COP21 Nationally Determined Contributions (NDC) to 
reduce, by 2030, greenhouse gas emission intensity by 33% to 35% of its 2005 GDP level. To 
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achieve this goal, India plans to create carbon sinks of 2.5 to 3 billion tons of carbon dioxide 
equivalents by increasing the nation’s tree cover to 33% of its land area. The effort to increase 
tree cover sits within the National Mission for a Green India (GIM) which is one of the eight 
Missions under the National Action Plan on Climate Change (NAPCC). The GIM plans to 
increase tree cover on five million hectares of forest and non-forest lands and improve tree cover 
on an additional five million hectares (GIM, n.d.). This effort, if achieved, would ultimately 
result in three to five million hectares of agricultural land being converted to forest or 
agroforestry. One of the stated goals of GIM is to improve the hydrological services within the 
affected landscapes. Using this as a point of departure, this paper examines the effects of 
converting cropland to forest cover within the Central India Highlands (CIH) to achieve 33% tree 
cover with a focus on the impacts on groundwater availability for Rabi season (winter, non-
monsoon season) irrigation within the landscape. 
India ranks number ten in the world for forested area but only 120th regarding the 
percentage of land area under forest (The World Bank, 2018b). The Forest Survey of India 
conducted in 2017 estimates 708,273 square kilometers of forest, which makes up 21.45 percent 
of the land area (FSI, 2017). The 2017 forest area is an increase of 74,876 (2.2%) square 
kilometers over the past two decades with the 1997 Forest Survey of India (FSI) reporting 
633,397 square kilometers (19.27%) (FSI, 1997). However, these numbers are disputed (Silva, 
Da Silva, Da Silva, Coelho, & De Mello, 2012) given both the methodologies used to estimate 
tree cover and the broad definition of forest. The discrepancies in estimates are not substantial. 
For instance, Roy et al. (2013) estimate 20.75% forest cover in 2013 compared to the 2013 FSI 
estimate of 21.23% using different methodologies and definitions. The FSI definition of tree 
cover includes plantations of exotic trees, coffee, and tea, which partially accounts for the 
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overestimation. Given these estimates, India must minimally increase its tree cover by 12% over 
the next 12 years, meaning adding 32,874 square kilometers per year on average. The amount of 
tree cover required is approximately three times the land area target proposed within the GIM’s 
stated goals. The magnitude of land cover change required to meet the COP21 commitments, if 
achieved, has the potential to significantly impact the hydrological cycle of the affected 
landscapes, with implications for both agricultural production and irrigation potential.   
The infiltration-evapotranspiration trade-off hypothesis sheds light on the possible 
alteration of the hydrological cycle from reforestation and afforestation (J. Krishnaswamy et al., 
2013; Maréchal et al., 2009). As compared to other land covers, forests have higher rates of 
evapotranspiration (ET) but also higher infiltration and groundwater recharge (Jagdish 
Krishnaswamy, 2012; J. Krishnaswamy et al., 2013).  Through greater infiltration, forests also 
reduce peak flows and store water that would otherwise result in floods (Bruijnzeel, 2004; Roa-
García, 2011).  Conversely, forest as compared to other land cover tends to have the lowest 
annual water yields (Bosch & Hewlett, 1982; Brown et al., 2005).  Much of India’s cultivatable 
land is devoted to rice production in paddies where infiltration is minimal, and 
evapotranspiration is reduced in comparison to forest (Jensen & Allen, 2015). Rice is grown 
during the monsoon season with excess water routed through surface drainage instead of 
percolating to groundwater. As a cultivation practice, paddy results in minimal groundwater 
recharge compared to other types of land cover and potentially reduces groundwater resources 
available for irrigation during the Rabi growing season (Liu, Tan, & Huang, 2005; Tanaka, 
Funakoshi, Hokamura, & Yamada, 2010).  Consequently, forest and paddy land covers are at the 
opposite ends of the infiltration-evapotranspiration trade-off hypothesis spectrum. Conversion 
between these two land covers should have a substantial impact on the inter-annual dynamics of 
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the hydrological cycle and availability of groundwater as a consequence of addressing India’s 
COP21 commitments.  
Evidence from afforestation and reforestation studies from around the world show 
divergent impacts on basin hydrology. Most report a decline in basin discharge, though there are 
differences in studies between the impact on fast runoff and baseflow (A. E. Brown, Western, 
McMahon, & Zhang, 2013; Dung et al., 2012 2016; Webb & Kathuria, 2012). The reduction in 
discharge is largely attributed to increase in ET (Li et al., 2016; Trabucco, Zomer, Bossio, van 
Straaten, & Verchot, 2008) One exception to declining discharge reported by Lamcome et al, 
2016 was teak plantation in paddy agriculture base system in Laos. Afforestation of agriculture 
land has been shows to have a dramatic impact on infiltration between to two to four-fold within 
the tropics (Ilstedt, Malmer, Verbeeten, & Murdiyarso, 2007). Soil moisture has also show to 
decline after afforestation though strongly on the tree species planted (Su et al., 2016). 
Groundwater recharge is enhanced by the condition of the forest with plantations having less 
recharge than nature forest (J. Krishnaswamy et al., 2013). Adjustments to basin hydrology also 
occur over an extend period after afforestation with Brown et al, 2014 reporting basins only 
achieving equilibrium after 8 to 25 years and Web and Kathuria, 2012 reporting maximum 
streamflow reductions after 14 year. Afforestation and reforestation have complex impacts on 
basin hydrology that play out over both temporal and spatial scales make them difficult to predict 
(Zhang et al., 2017) 
India’s total cropland area has been largely unchanged since the 1970s at approximately 
60% of the total land area (The World Bank, 2018a). To meet the ever-growing food demand of 
the expanding population, India has intensified its agriculture through additional growing 
seasons that require irrigation. Initial investments for developing irrigated croplands were 
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predominantly in surface-irrigation schemes. In recent years, with bore wells becoming cheaper 
to drill, expansion of the electrical grid, and provision of pumping subsidies, many farmers have 
installed bore wells (M. D. Kumar, Scott, & Singh, 2011; Shiferaw, Reddy, & Wani, 2008; 
Sishodia et al., 2017). In some regions of India, this has resulted in an over-exploitation of 
groundwater resources and a declining water table (Rodell, Velicogna, & Famiglietti, 2009). 
While India has ample water resources on the whole (CGWB, 2017), the intra-annual variability 
can create temporal water stress that limits Rabi irrigation (Clark, DeFries, & Krishnaswamy, 
2016).   
Developing a better understanding of how land cover transitions would impact not only the 
hydrological cycle but also how it may impact irrigation and consequently food production in 
India is important from both water availability and food production standpoints. This paper first 
examines the impact of land cover on field saturated hydrological conductivity (Kfs) in the CIH. 
These findings are then incorporated into a modified Spatial Processes in Hydrology (SPHY) 
model for five river basins whose headwaters are within the CIH. The model is then used to 
simulate two scenarios to explore the impact that increased forest cover will have on 
groundwater recharge. The first being business as usual with current levels of forest cover. The 
second scenario increase forest cover within each river basin to 33% of its land area by 
converting cropland to forest. Lastly, the paper discusses the implications for agriculture 
production and Rabi season irrigation from groundwater sources.  
Study Area 
The study area encompasses much of the Central Highlands agro-ecological zone as 
defined by the National Bureau of Soil Survey & Land Use Planning (NBSS & LUP) based on 
the 1992 definition (Mandal, Mandal, & Singh, 2015) and consequently, we refer to it as the 
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Central Indian Highlands.  The study area is bounded by the delineation of river basins within 
the CIH with outlets at gauge stations. Three out of the five selected gauge stations had adequate 
discharge data for calibration of the hydrological model used in this study. We selected the 
Central Indian Highlands because it is one of the few remaining forested areas in the country 
with potential for reforestation and afforestation, has rapidly increased its agricultural production 
and groundwater abstraction since the turn of the century, and holds the headwaters for five 
major rivers. The study area extends from 74.76° to 83.02° East and 18.97° to 26.05° North 
covering an area of 438,400 km2. The area intersects with 39 districts in the states of Madhya 
Pradesh, Chhattisgarh, Maharashtra, Uttar Pradesh and Rajasthan. The five major river basins 
with headwaters in the study area are the Ganga, Narmada, Tapi, Godavari, and Mahanadi rivers 
(Figure 1). According to the European Space Agency, Climate Change Initiative 300m Land 
Cover Data (CCI-LC) (Defourny & Santoro, 2016) the study area is 8.06% forest and 87.59% 
agricultural lands (Table 1). The dominant form of agriculture is paddy. Dual cropping is 
common with rice grown during the monsoon (Kharif) period from June to November and wheat 
grown during the Rabi season from November to March under irrigation. There are 189 major 
and 309 medium irrigation schemes within the study area with a total command area of 98,736 
km2 accounting for 22% of the area. Two hundred sixty-eight reservoirs supply water to these 
irrigation schemes, though there has been a dramatic increase of groundwater abstraction for 




Data and Methods 
Land Cover Saturated Hydraulic Conductivity  
Field data were collected to analyze the differences in field saturated hydraulic 
conductivity (Kfs) between broad land cover classes. Data were collected at 118 sites across the 
CIH. Sites where selected based on a sampling frame that included soil order, land cover, and 
whether the closest Central Groundwater Board (CGWB) observation well had a positive or 
negative water table trending slope from 2002 to 2012. Data on soil order utilized the Soil and 
Land Use Survey of India detailed soil maps for Madhya Pradesh with four soil orders present 
within the study area. The sampling frame contained six land cover classes: dense forest, 
moderate forest, open/degraded forest, grasslands, rainfed cropland and irrigated cropland. 
Spatial data for grasslands and cropland were taken from the Global Irrigated Area Map data 
(Thenkabail & Vithanage, 2006). The spatial data for forest classes were developed using forest 
biomass data from Agarwala, M. 2015. The definition for the dense forest was a forest with 
biomass of more than 40 Mg Ha-1, the moderate forest had estimated biomass of 30 Mg Ha-1 to 
40 Mg Ha-1, and open/degraded forest had estimated biomass less than 30 Mg Ha-1. The CGWB 
observation wells were used to estimate temporal trends in groundwater height from 2002 to 
2012. Theil-Sen estimator trend lines were fitted to the data for each well to estimate a positive 
or negative water table trend. Each well was buffered five kilometers to create a sampling area. 
The roads within the sampling area were buffered 25 kilometers to create a logistically valid 
sampling area that was accessible by vehicle.  
The sampling layers representing land cover, soils order, observation wells trends and 
logistically valid sampling area were then intersected to produce sampling polygons. A three-
stage random selection of sample sites was then carried out. As the intersection of the layers had 
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the potential to create many small polygons around the same observation well, the first stage 
randomly selected one polygon for each stratum from each observation well to ensure the spatial 
distribution of the final sample. The second stage randomly selected three polygons for each 
stratum within the sampling frame, and the final stage randomly selected a point within the 
selected polygon as the sample site. Not all land cover was present on all soil orders, and 
consequently, only 118 samples sites were selected. The sample sites were then visited for data 
collection. At each sample site, a soil sample was taken from 0cm to 50cm using a soil auger, the 
land cover was recorded and photographed, and the field saturated hydraulic conductivity 
measured using a Decagon DualHead Infiltrometer. The soil samples were used to measure 
texture and organic matter in the lab. The field data on Kfs, land cover and lab soil properties 
were collated into a dataset for analysis. An analysis of variance was carried out in R (R Core 
Team, 2018). The forest sample sites included 27 sites located within teak plantations. For 
analysis, the study sites were reclassified as forest, teak plantation, grass/shrubland and cropland. 
Only two soil texture classes were represented by the 118 sample sites resulting in the soil 
properties poorly representing the variables in Kfs. As a result, no soil properties where included 
in the model. Observation well water table trend had no impact on Kfs and was dropped from the 
final model. Estimated marginal means (Speed & Milliken, 1980) were used to test significant 
differences in Kfs among land cover types implemented in the emmeans package in R (Lenth, 
2016). 
SPHY Hydrological Modeling    
Landscape-scale hydrological modeling was carried out for two scenarios, first with 
forest cover at present levels and second with forest cover at 33% of the area for each of the five 
river basins within the study area over the period June 2003 to June 2017. Hydrological 
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modeling was conducted using a modified SPHY model (Terink & Khanal, 2016; Terink, Lutz, 
Simons, Immerzeel, & Droogers, 2015). The SPHY model was chosen for its simple 
parameterization, ability to be easily modified and availability of input data for the study area. 
The SPHY model is written in python and uses PCRaster for simulation making it easy to 
modify. SPHY is a gridded hydrological model with two soil layers and a groundwater layer. 
SPHY simulates the processes of interception, throughfall, fast runoff, percolation, groundwater 
recharge and baseflow on a daily time step.  
For this study, the original SPHY model was modified to better represent paddy-based 
agriculture and more directly account of the impacts of land cover on hydrological processes. 
The modifications made to the model included implementing depression storage, forcing the 
model with ET time series and modifying the calculation to estimate the soil layer Kfs values. 
Forcing the model with observed ET time series for the study period reduces the error associated 
with computing ET within the model. To better model paddy agriculture, the dominant crop type 
within the study area, depression storage was implemented in the model. Lastly, the method for 
computing Kfs was modified to account for the information learned from field observations of 
land cover’s impact on Kfs. To improve the model’s computational efficacy the model was 
converted from using PCRaster to an implantation that leveraged the GPU for computing the 
model. Automated parameter estimation was enable by implementing Particle Swarm 
Optimization (PSO) (Kennedy & Eberhart, 1995) on the GPU. 
Forcing the model with observed ET simplified the model computations but required a 
daily time series of observed ET. Within the model, observed ET served as the atmospheric 
demand for water that had to be met from either canopy storage, depression storage or rooting 
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zone soil moisture. Observed ET exceeding canopy storage, depression storage and rooting zones 
soil moisture represented unsatisfied demand and model error.  
Depression storage was implemented in the model by creating an additional layer on top 
of the soil that tracked the volume of water stored on the surface. The depression storage layer 
was implemented as a grid with cell values representing the millimeters of depression storage. 
Maximum depression storage was set based on land cover. Throughfall was transferred to the 
depression storage layer instead of the first soil layer. After throughfall was added to depression 
storage, water was transferred to the first soil layer at the rate of Kfs. Next, any water in excess of 
the land covers maximum depression storage was discharged from the cell as surface runoff. 
Last, observed ET that was unmet by canopy storage was taken from depression storage and the 
final volume of the depression storage computed for input to the next time step within the 
simulation. 
Land cover was incorporated into the Kfs estimates by fitting a non-linear model to the 
field data on Kfs that used parameters present in the SoilGrids data: 
𝐾𝑓𝑠 = 𝑙𝑐 ×  𝑒
(𝛽1×𝑐𝑙/𝑠𝑑+𝛽2×𝑐𝑒𝑐+𝛽3×𝑝ℎ+𝛽4×𝑡𝑠)   Equation 1 
where Kfs is field saturated hydraulic conductivity, lc is the coefficient for land cover, cl is 
percent clay, sd is percent sand, cec is the cation exchange capacity, ph is the soil PH, and ts 
represents the soil layer (0 = subsoil, 1 = topsoil).   
The input data for the modified SPHY model included precipitation, evapotranspiration 
(ET), leaf area index (LAI), soil hydrological properties and elevation data (Table 3: Data used 
as input to the modified SPHY model used to simulate the differences in hydrology for increase 
forest cover to 33% in the CIH.  ). The elevation data used was the HydroSHED hydrologically 
conditioned elevation dataset created from SRTM data (Lehner, Verdin, & Jarvis, 2011). The 
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elevation data was used to calculate slope, D8 flow direction and cell accumulation, which were 
required for routing the water within the model. SPHY uses SoilGrids data (Hengl et al., 2017) to 
derive the soil hydrological properties for Kfs, water holding capacity at saturation, field capacity 
(pF 2.0), wilting point (pF 3.0) and permanent wilting point (pF 4.2) for both the topsoil and 
subsoil layers within the model (de Boer, 2016). The modified model was forced with daily time 
series of precipitation, LAI, and ET. The MOD16A dataset of 8-day ET was resampled and 
interpolated into a daily time series (Running, Mu, & Zhao, 2017). The MOD16A dataset 
contains significant amounts of missing data. The missing data were filled using the mean cell 
deviance from the basin/land cover mean for the day of the year over the study period added to 
the basin/land cover mean for the day of the year of the missing pixel data. This method for 
filling missing data maintained the spatial (land cover) and temporal variability within the data. 
The LAI time series, used to estimate time-varying canopy storage, was interpolated from the 
MOD15A2 dataset which was processed similarly to the ET dataset (Myneni, Knyazikhin, & 
Park, 2015). PERSIANN CCS daily data was resampled to create the precipitation time series for 
the study area (Hong, Gochis, Cheng, Hsu, & Sorooshian, 2007; Mahrooghy, Anantharaj, 
Younan, Aanstoos, & Hsu, 2012). All data was resampled to 250 meters resolution and grid 
aligned over the study area. The model was then reduced to basin means and simulation as a 
single cell model.  
The modified SPHY model was calibrated using observed discharge at the basin outlets 
for all basins except the Ganga where the discharge data is classified by the Government of India 
and the Tapi where discharge data was not available.  The Water Resource Information System, 
Government of India (WRIS) website, was used to download discharge data. The twelve model 
parameters were automatically calibrated using Particle Swarm Optimization (PSO) (Eberhart & 
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Kennedy, 1995). The objective function for the PSO optimization was the Nash-Sutcliffe (NS) 
efficiency index. Table 2 contains a list of parameter values optimized for each basin. The 
Narmada basin was calibrated over the period July 2003 to June 2006 and validated on the period 
July 2006 to June 2008. The Mahanadi basin was calibrated from July 2003 to June 2011 and 
validated on the period July 2011 to June 2014. Calibration for the Godavari basin was from July 
2003 to June 2013 and validated on the period July 2013 to June 2017. The calibration NS scores 
ranged from .204 in the Mahanadi basin to .472 in the Godavari basin, and the validation NS 
scores for the basins ranged from -.337 (Mahanadi) to .197 (Narmada) (Table 4: Result of the 
Particle Swarm Optimization. Each of the three basins was optimized individually. For the 
Ganga and Tapi basins where discharge data was not available, the average parameter values 
were used. Results for the river basins average values area also presented to give an idea how the 
model may perform on the Ganga and Tapi basins.). After calibration, the two scenarios, current 
forest cover and a scenario with forest cover increased to 33% per basin, were simulated using 
the optimized parameter values with the Ganga and Tapi using the averaged optimized 
parameters. The calibrated model was then used to simulate the period from June 2003 to June 
2017 with the resulting data summarized over the period July 2005 to June 2017 to address the 
study questions.  
30% Forest Cover Scenario 
A 33% forest cover scenario was implemented in the modified SPHY model to test the 
differences in the intra-annual groundwater recharge and cell discharge from each of the five 
basins within the CIH. The 33% forest cover scenario was constructed by buffering existing 
forest land cover from the CCI-LC 2010 land cover data by creating a distance map from the 
forest cover class. The distance cells were then sorted and limited to only those corresponding to 
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cropland. The number of cells required to create 33% forest cover within each basin was selected 
and used to recode the original cropland data to forest (Figure 3).  
The 33% forest land cover data was then used to modify the input data for the SPHY 
model. The layers modified were the Kfs, rooting depth, soil water content properties, ET and 
LAI time series layers. The ET and LAI time series layers where modified by randomly selecting 
ET and LAI cell values from within the original forest class region and substituting them where 
croplands had been converted to forest to account for the increased ET of forest cover compared 
to croplands. The Kfs layer was re-computed by applying the forest land cover coefficient to the 
land area converted to forest. Re-computing Kfs ensured that the model would account for the 
increased infiltration rates of forest cover. The saturated, field capacity, wilting point, and 
permanent wilting point, soil water content layers were also recomputed from the seven-layer 
SoilGrids data aggregated to the two soil layers used in SPHY using the updated rooting depth.  
The modified input data was then used to simulate the impact of 33% forest cover on the 
hydrological cycle within the CIH. 
Results 
Land Cover Saturated Hydraulic Conductivity  
The results of the analysis of variance of Kfs show significant F(3, 105) =2.815, p=.043 
for land cover. There are significant estimated marginal means (EMM) differences between treed 
land covers (forest and plantations) and non-treed (grass/shrubland and cropland). Forest land 
cover had an EMM Kfs of 5.599x10-6 m s-1 while cropland had the lowest EMM Kfs of 
1.858x10-6 m s-1 (Figure 4). Teak plantation had the highest EMM Kfs of 6.448x10-6 m s-1 but 
was not significantly different from natural forest cover. Grass/Shrubland Kfs is not statistically 
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different from croplands with a EMM Kfs of 1.927 x10-6 m s-1. Above ground biomass was also 
a signification predictor in the model suggesting that forest quality can a large impact on Kfs. 
Hydrological Modeling 
The results from the simulations using the modified SPHY model, to simulate current 
forest cover and forest cover at 30% of basin area, follow expected hydrological dynamics in 
support of the infiltration-evapotranspiration trade-off hypothesis (Figure 5: Hydrological fluxes 
from the SPHY model output for each basin for the two scenarios. Groundwater recharge differs 
considerably while the difference in ET between the scenarios is minor.). ET increased with the 
additional forest cover, ranging from 3.39% in the Tapi basin to 6.70% in the Godavari basin, 
with the overall landscape increase in ET of 5.89%. Groundwater recharge increased by 14.81% 
within the CIH study area and ranged from 10.70% in the Ganga basin to 32.18% in the 
Mahanadi. Baseflow also increased with additional forest cover and ranged from 7.55% in the 
Narmada to 27.45% in Mahanadi. Discharge declined with increased forest cover due to 
decreased fast runoff from depression storage and the first soil layer.  Within the CIH, discharge 
declined by 3.98%, ranging from 3.34% in the Mahanadi basin to 4.77% in the Godavari basin. 
Detailed results are presented in Table 6: Average annual values for model output from the two 
simulations for each basin and the CIH. Values in parentheses are the standard deviations of the 
annual variability of the model output. Groundwater is the difference between groundwater 
recharge and baseflow. Discharge represents the sum of fast runoff and baseflow. Precipitation 
and observed ET represent data used to force the model. Differences are scenario minus current 
forest cover. 
 
 as annual amounts in millimeters averaged over the study period July 2005 to June 2017.   
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 The intra-annual dynamics between the two scenarios show dramatic differences in 
depression storage, fast runoff, baseflow and groundwater recharge with less dramatic changes in 
ET. Depression storage is an important water store at current forest cover but significantly 
diminishes with 30% forest cover (Supplement 2).  Fast runoff also differs considerably between 
the two scenarios, with 1.43 mm more on average, for runoff days with more than one mm of 
runoff, under current forest cover than at 33% forest cover (Supplement 4).  Notably more forest 
cover reduces peak flows, as expected (Figure 8). The increased infiltration and percolation 
under increased forest cover results in more groundwater recharge (Figure 9) and subsequent 
baseflow (Supplement 3) over the year.   ET differs between the two simulations in the later part 
of the year with increased forest cover resulting in greater ET (Figure 7).  Twenty-five percent of 
annual precipitation discharged as baseflow occurs 135 days after the onset of the monsoon 
under current forest cover, lagging behind 33% forest cover where the same discharge occurs by 
day 123 (Table 5) For the fast runoff, 33% forest cover lags current forest cover by 39 days in 
discharging five percent of annual precipitation. Specifically, current forest cover discharges 59 
mm by day 36 while 30% forest cover discharges the same by day 75 (Table 5). Total discharge, 
baseflow, and fast runoff are discharged (50% of annual precipitation) 22 days faster under 
current forest cover than 30% forest cover due to the greater flux of fast runoff under current 
forest cover. Fifty percent of precipitation flows into groundwater in 108 days under 30% forest 
cover compared to day 165 under current forest cover, a difference of 57 days (Table 5). For ET, 
the difference in days between the two scenarios are minimal, with current forest cover seeing 
evapotranspiration of 294 mm (25% of annual precipitation) in 133 days, and 30% forest cover 
in 128 days (Table 5). Basin level differences for the above are reported in Table 5. While the 
five basins show similar patterns, the magnitudes of the hydrological fludxes differ substantially 
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and are not linked to the amount of forest increase to achieve 30% of the basin area.  These 
differences are likely due to topography and soil differences. 
Discussion & Conclusion 
 India’s NDC at COP21 of reducing its greenhouse gas emissions in part by increasing 
tree cover will require balancing the loss of agricultural land with increased production through 
intensification and irrigation of Rabi season crops to maintain the nation’s food production. 
Previous studies have shown that increased uses of groundwater for irrigation in Northern India 
are not sustainable due to rapidly falling water tables (Rodell et al., 2009). The CIH over the last 
decade has seen a substantial increase in groundwater abstraction for irrigation and is estimated 
to account for approximately 41% of irrigation water withdrawals (Clark et al., 2016). The 
infiltration-evapotranspiration trade-off hypothesis would suggest that increasing forest cover 
should help with groundwater recharge at the expense of increase ET. Forests are also linked to 
reduced basin water yield (Bosch & Hewlett, 1982; Brown et al., 2005), which currently is 
essential in maintaining surface water irrigation schemes within the region.  Much of the reduced 
water yield results from reductions in peak flows generated from surface runoff, which can be 
important in reducing the frequency and intensity of destructive floods (Brown, Western, 
McMahon, & Zhang, 2013; Robinson et al., 2003). Forest cover also can increase baseflow 
resulting in healthier river systems and delayed discharge (Robinson et al., 2003).  Reduced peak 
flows and increased baseflows would also fill reservoirs more slowly and make water available 
for Rabi season irrigation. Consequently, increasing forest cover within the CIH has complex 
hydrological interactions in sustaining the agriculture production within the region. Knowing the 
balance between water loss and water gain both spatially and temporally throughout the year is 
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crucial in determining synergies or tradeoffs between agricultural production and increases in 
forest cover for carbon sequestration.  
 The hydrological modeling carried out in this study, supported with the field data 
collection on Kfs, sheds light on how increased forest cover might impact the hydrological cycle 
and its consequences for irrigated food production within the CIH. The field data on Kfs clearly 
shows that there is a substantial difference between forest Kfs and cropping Kfs, irrespective of 
soil type with no difference between teak plantations and nature forests. Paddy agriculture 
significantly reduces Kfs. Paddy rice is the dominant form of agriculture and covers a large 
percentage of the land area with a marked impact on landscape hydrology. The results of the 
hydrological modeling show that the current landscape, dominated by paddy agriculture, has 
large volumes of depression storage and significant surface runoff, that reduces groundwater 
recharge and baseflow relative to forest cover. In comparison, the scenario of 33% forest cover 
would greatly reduce the depression storage, with most of that water infiltrating into the soil and 
eventually leading to more groundwater recharge. Increased forest cover also has a large impact 
in reducing surface runoff while boosting baseflow. The large-scale hydrological dynamics of 
increased forest cover should result in better environmental flows within the rivers and reduced 
sediment transport. These flows, in turn, would support healthier river systems and reduce silting 
of the reservoirs and dams needed for irrigation. The river flow regime would further be 
transformed with less flow during the monsoon season but with increased flow during the dry 
parts of the year. Reservoirs and dams would fill more slowly and be easier to manage.  
 The tradeoff for improved hydrological dynamics of increased forest cover would be the 
reductions in overall discharge and increase in ET. The hydrological modeling shows that 
between 23 mm to 33 mm more water could be lost from ET depending on the basin. The loss of 
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water by ET would be countered by a reduction in overall discharge of 23 mm to 38 mm, varying 
by basin. The resulting balance is that more water remains on the landscape for longer through 
groundwater recharge up 53 mm to over 200mm. The increase in groundwater recharge is then 
partitioned into baseflow with an increase of 42 mm to 167 mm and groundwater storage 
growing by 10 mm to 34 mm depending on the basin. The baseflow results in a lower release of 
water from the landscape, while groundwater storage retains more water within the landscape 
under increased forest cover and the subsequent reduction in paddy agriculture. 
 The changes in the hydrological cycle at 33% forest cover would improve the 
sustainability of dry season irrigation for Rabi crops (Table 5). Adversely there would also be, 
especially in the cases of Narmada and Ganga basins, significant loss of cropland ranging from 
14% to 28% (Table 1). From current agriculture production statistics, the percentage of cropland 
irrigated to grow a second season of Rabi crops ranges between 40% in the Ganga down to 12% 
in Mahanadi. With the loss of agricultural land to forest, Rabi cropping would need to expand to 
100% in the Ganga and between 33% to 72% in the other basins of the agricultural land to 
maintain the same total annual area of crop production. As such an increase in forest cover at the 
expense of cropland does not need to translate to lost agricultural production, although there 
would necessarily be a shift in the types of crops produced. The expansion of Rabi season 
cultivation is only possible if there is sufficient water to irrigate the increase in cropping area. 
Using agriculture production statistics from the Government of India and water requirement 
estimates for Rabi season crops, it can be estimated that between 400 mm to 470 mm of water 
are need per unit of cropped area. The results of the hydrological modeling suggest that from 
groundwater recharge alone, there would be between 127% in the Tapi basin to 260% in the 
Mahanadi basin of the water required to grow Rabi crops on the entire agriculture area. The 
90 
 
outcome of increased forest cover could, with proper provisioning of groundwater irrigation, 
have a positive impact on agriculture production. 
The hydrological modeling also reveals that there is substantial variation between the 
basins that cannot be explained by the proportional increase in forest cover required to achieve 
the 30% of basins total area. Land cover and soil types interact to produce different basin 
outcomes that need to be considered in determining the potential hydrological benefits from 
increasing forest cover. The Narmada and Ganga basins both have minimal forest currently and 
would require reforesting or afforestation of 18.4% and 27.8% respectively, to achieve 30% 
forest cover, though these basins rank the lowest for an increase in groundwater recharge 
between current forest cover and 30% forest cover. These two basins also rank the lowest for an 
increase in baseflow between the two scenarios, which may point to the importance of soil and 
topography. The Mahanadi basin, with the greatest percentage of current forest cover, is the 
basin with a maximum increase in groundwater recharge, groundwater storage, and baseflow. 
The type of forests (native or plantation) and the forest condition (degraded) that each basin 
supports may also help explain the Godavari basin having a disproportionate increase in ET 
between the two scenarios compared to the increase in forest cover compared to the other basins. 
The disproportionate increase in ET compared to forest area suggests that forest type and quality 
may have a larger effect on ET than on infiltration. The amount of rainfall further complicates 
the response of a basin to an increase in forest cover.  The Godavari and Mahanadi both receive 
more precipitation than the other basins and consequently also have a greater increase in 
groundwater recharge even though they have the most forest cover currently. These complex 
interactions between land cover, soil type, and precipitation determine the potential benefit from 
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increased forest cover on the hydrology and subsequently water availability for either surface or 
groundwater irrigation.  
While India made ambitious commitments at COP21 by setting a target of 33% tree 
cover, current land use poses a significant challenge in achieving the aims of the Greening India 
Mission. The results of this study indicate that the hydrological aims of the GIM would be 
promoted by increasing forest cover, but that river basins respond differently to increased forest 
cover. The cost to cropland would be high but the improved hydraulic dynamics at the landscape 
scale would help balance the loss of cropland by enabling expansion of Rabi season irrigated 
cultivation. There is the potential that increasing forest cover could boost both food production 
and water availability, and more research is needed to better understand the intra-annual 
hydrological dynamic of reforestation and afforestation within the CIH  
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Figure 1: Central Indian Highlands with the five major basins delineated. Forest Cover is shown in green 
while agriculture is in yellow derived from the ESA Land Cover 2010 data reclassified. Inset map shows the 
sampling area for infiltration tests and the final sampled locations. The color of the sample locations 












Figure 2: Observed vs simulated discharge for the three basins with discharge data. Simulation results from the 






Figure 3:  Spatial configuration of additional forest to achieve 33% per basin vs the current forest cover. Forest 






















Figure 4: Estimated marginal means for the different land cover. Error bars represent 95% confidence 
intervals. Crossbars that overlap are not significantly different. P values adjusted using the tukey method 
















Figure 5: Hydrological fluxes from the SPHY model output for each basin for the two scenarios. Groundwater 










Figure 6: Observed precipitation as basin daily average. 







Figure 7: Observed ET averaged over the basin. Data 


















Table 1: Basin area and forest cover from ESA 
CCI land cover data. 
Figure 9: Simulated groundwater recharge as the basin 





Table 2: Optimized parameter sets for each basin. 
Table 3: Data used as input to the modified SPHY model used to simulate the differences in hydrology for increase forest 






Table 5: Inter-annual dynamics scenario differences. The hydrological day of the year of the cumulative hydrological 
flux has been achieved as a percentage of basin precipitation between the two scenarios. The hydrological year begins 
on June 1st at the onset of the monsoon. 
Table 4: Result of the Particle Swarm Optimization. Each of the three basins was optimized individually. For the 
Ganga and Tapi basins where discharge data was not available, the average parameter values were used. Results for 






























































































































































































































































































































Table 7: Impacts of increasing forest cover to 33% on Rabi season agriculture production Rabi cropping area is 
the annual mean over the study period computed for Government of India cropping statistics. Basin Rabi water 
requirements computed from crop specific. 
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CHAPTER 5: CONCLUSIONS 
 
Water availability will define much of the 21st century as fresh water becomes increasingly 
scarce (Hejazi et al., 2014; Kumar, 2014). Water is important for all socioeconomic sectors with 
agriculture utilizing approximately 70% of freshwater withdrawals globally. With the myriad of 
issues surrounding water availability, my dissertation focuses on water availability in the arena of 
small-plot agriculture in the tropics, which will remain an important source of livelihoods and food 
production for the foreseeable future. In the coming years, small-plot agriculture will face multiple 
challenges and intensification will be one of the few options for it to remain a viable livelihood for 
rural communities. Climate change will have a significant impact on small-plot agriculture with 
the resulting water use being a focal issue. Transpiration from crops will increase with rising 
temperatures and result in heightened demand for irrigation water use (Hejazi et al., 2014). 
Similarly, climate change will likely increase the unpredictable nature of rainfall over much of 
sub-Sahara Africa (SSA) and intensify both dry spells and droughts across the continent (Masih, 
Maskey, Mussá, & Trambauer, 2014).  
My dissertation has examined water stress and the challenges of water resource 
management in the context of two agricultural systems within small-plot agriculture, namely 
rainfed versus irrigated multi-cropping systems, and proposed possible solutions (Chapters 2 and 
4). Analyses presented across the chapters have focused on understanding how water availability 
impacts anthropogenic water stress over the course of the year as a result of competing demand 
sectors (Chapter 3), how forest cover and agriculture interact at the landscape scale to influence 
water availability for irrigation (Chapter 4), and what effect agricultural inputs have on crop water 
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stress in the face of variable rainfall and dry spells (Chapter 2). The intra-annual dynamics of 
anthropogenic water stress within central India are explored in Chapter 3.  
While several studies have estimated anthropogenic water stress in India (Amaraginghe, 
Shah, Turral, & Anand, 2007; Amarasinghe et al., 2005; Board, 2011), none have explored the 
spatial and temporal availability of water intra-annually. The groundwater supply stress index 
(GWaSSI) that I have developed in Chapter 3 is the first attempt, as far as I know, to account for 
the growing use of groundwater for irrigating a second growing season in India. The results of 
Chapter 3 point to increasing water stress across the Central Indian Highlands (CIH), with urban 
centers showing greater water stress than the landscape as a whole. Water demand by sector shows 
that agriculture consumes 95% of freshwater withdrawals, well above the global average of 70%.  
Additionally, Chapter 3 highlights that the recent increase in groundwater abstraction for irrigation 
makes up 43% of agricultural water use. These findings underscore the need for India to manage 
groundwater extraction in the CIH before it suffers the fate of Northern India’s deepening 
groundwater crisis (Rodell, Velicogna, & Famiglietti, 2009).  
Chapter 4 adds to the story of water sustainability for irrigation by looking at the impact of 
converting croplands to forest cover for meeting the ambitious target of 33% tree cover for the 
achievement of India’s COP21 Nationally Determined Contribution to reducing greenhouse 
gasses. Chapter 4 uses the infiltration-evapotranspiration trade-off hypothesis to explore the water 
cycle dynamics of increased forest cover on groundwater recharge and its implications for 
irrigating a second growing season. Field data collection on field-saturated hydraulic conductivity 
verifies that forest land covers have significantly higher infiltration rates than croplands. The land 
cover infiltration rates are then built into a modified SPHY model to simulate scenarios of current 
forest cover, and forest cover increased to 33% within the river basins of the CIH. The results 
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demonstrate a considerable increase in groundwater recharge and baseflow, with minimal 
increases in evapotranspiration. As a result of increased afforestation, however, there would be 
considerable loss of agricultural land.  Nevertheless, due to the potential increase in productivity 
of the land used to grow a second irrigated crop arising from the increased groundwater recharge, 
the loss of monsoon season croplands to forest cover would be offset. Together, Chapters 3 and 4 
provide new scientific insights into the hydrology of the CIH, while highlighting important policy 
implications. In contrast to the multi-cropping context, rainfed small-plot agriculture in SSA 
continues to be plagued by low crop yields with low use of agricultural inputs. While there are 
many reasons for the limited use of fertilizer and commercial seed, the unpredictable nature of 
rainfall and its importance in a farmer’s ability to realize the benefits of agricultural inputs are key. 
In Chapter 2, using an experimental trial on six small-plot fields in Western Tanzania, I explore 
how variety and fertilizer choices influence crop water stress over the growing season and through 
dry spells. The trial consisted of a traditional locally adapted maize variety versus a commercial 
hybrid, along with three fertilizer nutrient combinations. The fertilizer treatments consisted of a 
progression of nutrient additions starting with only nitrogen, then nitrogen and phosphorus, with 
the last treatment adding potassium and sulfur. The results of the trial suggest benefits from 
planting hybrid seed with substantial gains in yield when at least nitrogen is applied. The benefits 
of fertilizer are more nuanced with the response to nutrients heavily dependent on the field and its 
soil characteristics. The addition of phosphorus did not yield significantly more than nitrogen 
averaged across both varieties. However, the addition of potassium and sulfur resulted in a 
significant and meaningful yield increase of almost half a ton per hectare averaged across both 
varieties. The hybrid was also better able to utilize fertilizer and convert it to yield. The addition 
of phosphorus, potassium or sulfur over nitrogen alone did not reduce crop water stress, while the 
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hybrid variety demonstrated better stomatal regulation during dry spells regardless of fertilizer 
treatment. The results of Chapter 2 underscore the need to make high-quality seed available to 
small-plot farmers and the need for targeted fertilizer recommendations if small-plot farmers are 
to realize the optimal synergistic benefits of agricultural inputs in SSA fully. 
With the uncertainties of our future climate, coupled with the fact that the tropics will see 
the most population growth this century and need to increase food production rapidly, it is essential 
to understand the critical issues of water availability for agriculture better. My dissertation has 
contributed to advancing our understanding of two critical issues faced by small-plot agriculture 
in the tropics. First, how agricultural inputs impact crop water stress when rainfall is unpredictable 
with frequent dry spells. The conclusions in chapter 2 point to the necessity for securing small-
plot farmers’ investments in agricultural inputs to ensure continued reinvestment in their land. 
Weather-index insurance products pose a possible solution but need further development and 
research to achieve national coverage. Future directions for research following from Chapter 2 will 
incorporate remote sensing with nationally representative survey data to develop a better 
understanding of real-time growing conditions.  Second, the dissertation demonstrates how 
agricultural water use is a large component of anthropogenic water stress and how forest cover 
could be balanced with croplands to improve the sustainability of irrigated food production.  While 
chapter 3 points to the need for India to actively manage groundwater withdrawals, chapter 4 
demonstrates how the objectives of increasing forest cover in the Mission to Green India (GIM) 
could help, though it is unlikely that India will be able to reconfigure its landscape to truly achieve 
the hydrological benefits aimed for within GIM. A more viable alternative may be to move away 
from paddy agriculture (high runoff, low groundwater recharge) to growing crops that allow for 
different cultivation practices with higher infiltration and groundwater recharge. Future research 
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stemming from chapter 4 will explore the potential for crop switching and its impact not only on 
groundwater recharge but also its ability to meet the population’s nutritional needs. I hope that my 
findings have helped deepen the understanding of the complex relationship between water, 
agriculture, and landscapes, and contributed to the ongoing and future efforts towards better water 
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APPENDIX 1 – SUPPLEMENTARY MATERIALS FOR CHAPTER 2  




Supplement 2: Interaction plots between soil percent clay and variety. 
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APPENDIX 2 – SUPPLEMENTARY MATERIALS FOR CHAPTER 3   
 
Supplement 1: Simplified conceptual diagram for the computation of WaSSI and GWaSSI.  The lower portion of the 
diagram represents the Sacramento Soil Moisture Accounting Model with the addition of the GWDEF (groundwater 
































































































































Supplement 3: Table of water requirements for livestock classes found in the Livestock Census database. 
Species Class Water requirement (lts/day) 
Dog Male dogs 1.25 
Dog Female Dogs 1.25 
Donkey Male donkey under 3yr 18 
Donkey Male donkey 3yr and above 35 
Donkey Female donkey under 3yr 18 
Donkey Female donkey 3yr and above 35 
Ducks Desi 0.32 
Ducks Improved 0.32 
Ducks Drake desi 0.32 
Ducks Drake improved 0.24 
Ducks Ducklings for eggs desi (<6 months) 0.24 
Ducks Ducklings for meat desi (<6 months) 0.24 
Ducks Ducklings for eggs improved (<6 months) 0.38 
Supplement 2: Observed vs median simulated monthly 




Ducks Ducklings for meat improved (<6 months) 0.24 
Elephant Male elephant 175 
Elephant Female elephant 175 
Fowls Cocks Desi 0.32 
Fowls Cocks Improved 0.32 
Fowls Hen Desi 0.32 
Fowls Hen Improved 0.24 
Fowls Chickens for eggs desi (<5 months) 0.24 
Fowls Chickens for meat desi (<5 months) 0.24 
Fowls Chickens for eggs improved (<5 months) 0.38 
Fowls Chickens for meat improved (<5 months) 0.24 
Goat Male goat under 1yr 3.5 
Goat Male goat 1yr and above 6 
Goat Female goat under 1yr  3.5 
Goat Female goat in milk 10 
Goat Female goat dry 6 
Goat Female goat never kidded 6 
Horse Male horse under 3yr 35 
Horse Male horse used for cart 62.5 
Horse Male horse used for sport 62.5 
Horse Female horse under 3yr 35 
Horse Female horse 3yrs and above 62.5 
Mithun Male mithun up to 3yrs 13 
Mithun Male mithun over 3yrs 22 
Mithun Female mithun up to 3yrs 13 
Mithun Female mithun over 3yrs 22 
Mule Mule under 3yrs 26.5 
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Mule Mule 3yrs and above 48.75 
OtherPBirds Other poultry birds 0.32 
Pig Male pig below 6 months 9 
Pig Male pig 6 months and above 18 
Pig Female pig below 6 months 9 
Pig Female pig 6 months and above 28.5 
Pony Male pony under 3yrs 26.5 
Pony Male pony used for cart 48.75 
Pony Male pony used for sport 48.75 
Pony Female pony under 3yr 26.5 
Pony Female pony 3yrs and above 48.75 
Quails Quails 6.625 
Rabbit Male Rabbit 0.3 
Rabbit Female Rabbit 0.7 
Sheep Male sheep up to 6 months 3 
Sheep Male sheep 6 months and above 4.5 
Sheep Female sheep up to 6 months 3 
Sheep Female sheep 6 months and above 4.5 
Turkeys Male turkey 0.625 
Turkeys Female Turkey 0.625 
Yak Male yak up to 3yrs 22.05 
Yak Male yak 3yrs and above 34.3 
Yak Female yak up to 3yrs 22.05 
Yak Female yak 3yrs and above 34.3 
Camel Male under 4 yr. 13.6 
Camel Male 4 yr. and above 36.4 
Camel Female under 4yr 13.6 
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Camel Female 4 yr. and above 36.4 
Cattle Male under 1yr 30 
Cattle Male 1 to 2.5 yr. 30 
Cattle Male used for breeding (over 2.5 yr.) 55 
Cattle Male used for agriculture & breeding (over 2.5 yr.) 55 
Cattle Male used for bullock cart & breeding (over 2.5 yr.) 55 
Cattle Male Other (over 2.5 yr.) 55 
Cattle Female under 1yr 30 
Cattle Female 1 to 2.5 yr. 30 
Cattle Female used for breeding (over 2.5 yr.) 55 
Cattle 
Female used for agriculture & breeding (over 2.5 
yr.) 55 
Cattle 
Female used for bullock cart & breeding (over 2.5 
yr.) 55 
Cattle Female Other (over 2.5 yr.) 55 
Buffalo Male under 1yr 37.5 
Buffalo Male 1 to 3 yr. 37.5 
Buffalo Male used for breeding (over 3 yr.) 68.75 
Buffalo Male used for agriculture & breeding (over 3 yr.) 68.75 
Buffalo Male used for bullock cart & breeding (over 3 yr.) 68.75 
Buffalo Male Other (over 3 yr.) 68.75 
Buffalo Female under 1yr 37.5 
Buffalo Female 1 to 3 yr. 37.5 
Buffalo Female used for breeding (over 3 yr.) 68.75 
Buffalo Female used for agriculture & breeding (over 3 yr.) 68.75 









Supplement 4: (a)Maximum intra-annual groundwater supply stress index and inter-quartile range. (b) First quartile and 










Supplement 5: (a)The number of months the groundwater supply stress index is greater than 1 (demand greater than 








Supplement 6 Spatial and temporal distribution of water stress (WaSSI) within the central Indian Highlands. (a) 
Maximum WaSSI within a year, median of 30 simulations across all years of the study period (2002-2012). (b) Number of 
months WaSSI exceeds one. (c) Month within the year that WaSSI is at its maximum. Basin boundaries are indicated on 
(a), and districts boundaries on map (c). Urban centers have been mapped on (b). Interquartile range maps for maps (a) 





Supplement 7: (a)Maximum intra-annual water supply stress index and inter-quartile range. (b) First quartile and (c) 












Supplement 8: (a)The number of months the supply stress index is greater than 1 (demand greater than supply) with 









Supplement 9: (a) The number of months the groundwater supply stress index is greater than 1 (demand greater than 









Supplement 10: (a) The number of months the groundwater supply stress index is greater than 1 (demand greater than 










































Ganga 83%(74%-89%) 72%(62-78%) 66%(36%-80%) 47%(18%-63%) 24% 9% 
Godavari 72%(65%-75%) 55%(44-59%) 69%(53%-74%) 49%(31%-57%) 19% 2% 
Mahanadi 63%(58%-69%) 16%(13-32%) 63%(57%-69%) 15%(11%-32%) 17% 6% 
Narmada 71%(69%-74%) 59%(55-65%) 63%(51%-67%) 44%(31%-53%) 22% 5% 
Tapi 68%(58%-71%) 46%(32-50%) 62%(43%-65%) 29%(5%-43%) 10% 1% 
Supplement 12: Basin-wise percentage of area water stressed during the Rabi irrigation season (November to February) 
and non-Rabi season water stress. The increase in Rabi irrigation from 2002 to 2012 as a percent of the area of the basin 








APPENDIX 3 – SUPPLEMENTARY MATERIALS FOR CHAPTER 4
Supplement 1: Depression storage mean of basin cells 
Supplement 2: Groundwater recharge vs agricultural land loss. The Mahanadi base with the least cropland loss has the 
greatest gain in groundwater recharge where as both the Narmada and Ganga have considerable cropland lost with 
marginal gains in groundwater recharge 
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